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Droughts that achieve extreme spatial extent over the contiguous United States pose unique 
challenges because of their potential to strain multiple water resources simultaneously. Two such 
spatially coherent, reoccurring droughts are (i) those that span the majority of the US (herein pan-
CONUS droughts) and (ii) those that span the US Pacific coast (herein pan-coastal droughts). 
These droughts can have drastic impacts on US agriculture, water resources, and wildfire risk, thus 
posing serious risks to our food security, infrastructure, and economy. Such events are difficult to 
characterize due to the relatively short instrumental record and the rarity of observed widespread 
drought. The combined availability of observations, ensembles of climate model simulations, and 
high-resolution paleoclimate reconstructions, however, have recently increased the sampling and 
length of the hydroclimate record. This wealth of climate data makes the time ripe to investigate 
the causes and dynamics of spatially widespread droughts, with implications for their impacts in 
the future under a changing climate.  
 Previous studies have established the sensitivity of North American drought variability to 
large-scale atmosphere-ocean modes. In particular, the El Niño Southern Oscillation (ENSO) and 
Atlantic Multidecadal Oscillation (AMO) have been linked with widespread drying over the 
United States. While neither mode alone is likely to cause either pan-CONUS or pan-coastal 
droughts, the canonical understanding of oceanic influences on North American hydroclimate 
nevertheless suggest that (i) pan-CONUS droughts are forced by a contemporaneous cold 
 
 
tropical Pacific Ocean and a warm tropical Atlantic Ocean and (ii) pan-coastal droughts are 
forced by cold tropical and north Pacific conditions.  
 By examining how pan-CONUS and pan-coastal droughts are represented in climate 
model simulations and comparing them against observation and paleoclimate reconstructions, the 
work in this dissertation tests the above-mentioned canonical understanding. For pan-CONUS 
droughts, SST forcing is shown to originate almost entirely from La Niña conditions, with little 
contribution from the tropical Atlantic. Furthermore, internal atmospheric variability influences 
pan-CONUS drought occurrence by as much or more than ocean forcing and can alone cause 
pan-CONUS droughts. Internal atmospheric variability is shown to play an even larger, 
predominant role in driving pan-coastal droughts, accounting for upwards of 80% of the severity 
of the events; cold Pacific conditions, while playing a clearly detectable role, are only secondary 
in their influence relative to internal atmospheric variability. These results are then compared to 
the observational and/or paleoclimate record, which supports the model-inferred conclusions. 
 Collectively, the work outlined in this dissertation holds important implications regarding 
(i) mechanistic understandings of North American hydroclimate, (ii) predictability, or lack 
thereof, of pan-CONUS and pan-coastal droughts, and (iii) how pan-CONUS and pan-costal 
droughts may change in the future due to increases in greenhouse gas emissions. The research 
contained herein furthermore demonstrates the precise extent to which large-scale ocean-
atmosphere and internal atmospheric variability interact. In so doing, this dissertation contributes 
to a fundamental understanding of the importance of large-scale ocean-atmosphere modes 
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Chapter 1: Introduction 
 
1.1 Background  
 Droughts in the contiguous United States (CONUS) are common, but those droughts that 
achieve large spatial extent over the US stand out as particularly prominent, pose significant and 
specific challenges, and happen less frequently than events that are confined to smaller regions. 
Though rare, widespread droughts can claim disproportionately higher costs relative to droughts 
localized in specific regions because their impacts span multiple areas that might otherwise provide 
redundancies in water, agricultural, and fire-fighting resources. The financial damages from these 
droughts can also be significant. The 1988 drought, for instance, ranked among the most spatially 
extensive in recent history and cost the US $40 billion, largely in agricultural losses (Trenberth et 
al. 1988; Kogan 1995; Andreadis et al. 2005; Rippey 2015). The 2012 drought (Figure 1.1), which 
covered over 60% of CONUS (NCDC 2013), cost the US an estimated $30 billion, again largely 
in agricultural losses (Rippey 2015). More recently, a 2015 pan-coastal drought (Figure 1.2) 
spanning all of California, Oregon, and Washington (Fuchs 2015) not only forced the three Pacific 
coastal states into declaring drought emergencies (Nagourney 2015; Lurie 2015), but contributed 
to the worst wildfire year on US record in terms of total area burned at 10.1 million acres (Dickie 
2016). The 2015 drought ultimately cost California and Washington $2.7 billion and $700 million, 
respectively, in losses (Daniels 2016; Jenkins 2017). The potential for such high social and 
economic costs associated with widespread droughts make it critical to understand the causes, 
characteristics, and dynamics of these events. Improved understanding of these events is 
additionally important for developing adaptation strategies and defining their potentially changing 
frequency and severity in a warming climate. In my dissertation, I characterize the causes and 
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dynamics of two such droughts types: (i) droughts of extreme spatial extent that span the majority 
of the contiguous US (hereinafter pan-CONUS droughts) and (ii) droughts that simultaneously 




Figure 1.1: August 21, 2012 snapshot of the 2012 US Drought. Figure from the United States 





Figure 1.2: August 25, 2015 snapshot of the 2015 US Drought. Figure from the United States 
Drought Monitor. [Available from https://droughtmonitor.unl.edu/] 
 
 
1.2 Relevant Oceanic and Atmospheric Influences 
Although the US encompasses a wide range of physical geographies with differing 
sensitivities to seasonality, oceanic teleconnections, and land-surface feedbacks, prior studies that 
have examined pan-CONUS droughts (e.g. Cook et al. 2014b) and pan-coastal droughts (e.g. Cook 
et al. 2018) nevertheless suggest that such events are coherent phenomena with a distinct spatial 
structure indicative of a common underlying physical cause; these events are not simply the 
superposition of regional droughts. Large-scale atmosphere-ocean modes are thus likely at play in 
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the genesis of these events, though the underlying causes of pan-CONUS and pan-coastal droughts 
have only recently become the subject of investigation (Cook et al. 2014b; Coats et al. 2015a; 
Cook et al. 2018).  
North American drought variability begins with an understanding of oceanic influences, 
which has a long history of study. Cold Pacific conditions (Ropelewski and Halpert 1986; 
Gershunov and Barnett, 1998a,b; McCabe et al. 2004; Hoerling et al. 2009; Herweijer et al. 2006; 
Kam et al. 2014; Steinman et al. 2012) and warm Atlantic conditions (Enfield et al. 2001; McCabe 
et al. 2008; Sutton and Hodson, 2005; Hodson et al. 2010) both exert strong controls on CONUS 
drought variability. Cold phases of the El-Niño Southern Oscillation (ENSO; La Niña events) and 
Pacific Decadal Oscillation (PDO) produce atmospheric highs over the northern Pacific Ocean that 
shift subtropical jets poleward, divert storm tracks north, and cause precipitation deficits in the US 
Southwest and Great Plains in boreal winter (Sarachik and Cane, 2010; Trenberth and Guillemot, 
1996; Ropelewski and Halpert 1986; Mantua et al. 1997; Seager et al. 2005; Hoerling et al. 2014). 
Warm phases of the AMO reduce summer precipitation broadly over the US by suppressing the 
Great Plains low-level jet and the North American Monsoon (Kushnir et al. 2010; Hu et al. 2011; 
Oglesby et al. 2012; Nigam et al. 2011; Williams et al. 2017). When these drought-favorable 
conditions occur simultaneously, the modes can collectively strengthen their hydroclimate 
influences over the CONUS (Mo et al. 2009; Hu and Feng 2012; Coats et al. 2015a). For ENSO 
and PDO, which impose similar canonical wet-dry patterns over the CONUS (e.g., Baek et al. 
2017), their combined hydroclimate influence is strengthened (weakened) when the two modes are 
in (out of) phase (Gershunov and Barnett, 1998a; Wang et al. 2014; Hu and Huang, 2009; Yu and 
Zwiers, 2007). AMO-induced drying over the Great Plains and Southeast, and to a lesser degree 
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the Southwest, can create a background state of persistent aridity or wetness over which influences 
from modes such as ENSO are imprinted (Kushnir et al. 2010).  
While cold Pacific conditions and warm Atlantic conditions are among the largest oceanic 
influences that govern US drought variability, they are expected to affect pan-CONUS and pan-
coastal droughts differently. For pan-CONUS droughts, given the above-described understanding, 
it is expected that a contemporaneously cold tropical Pacific and warm northern Atlantic (Hoerling 
and Kumar 2003; McCabe et al. 2004, 2008) represent the oceanic conditions that most strongly 
increase the probability of occurrence (Schubert et al. 2009; Cook et al. 2014b; Coats et al. 2015a). 
For pan-coastal droughts, the influences of ENSO and PDO are expected to dominate precipitation 
along the US Pacific coast. Specifically, cold(warm) phases of ENSO and PDO can be expected 
to divert precipitation northward(southward), which would impose an anti-phased, wet/dry dipole 
pattern of precipitation along the US Pacific coast. Such a dipole pattern in hydroclimate variability 
has indeed been observed saddling the ~40-42⁰N latitude (Wise 2010, 2016). But this oceanic 
forcing by itself would make it difficult for northern and southern coastal regions to simultaneously 
experience drought conditions, particularly when ENSO and PDO are in phase, indicating that 
other factors are likely at play in the occurrence of pan-coastal droughts.  
In addition to oceanic forcings, internal atmospheric variability also plays a large role in 
driving US hydroclimate. Studies that employ atmospheric general circulation models (AGCMs) 
forced with observed SSTs have not only reproduced these Pacific and Atlantic influences on 
drought over the CONUS (Schubert et al. 2004, 2008; Seager et al. 2005; Herweijer et al. 2006; 
Kushnir et al. 2010; Hoerling et al. 2009; Seager and Hoerling 2014), but have also emphasized 
the role of stochastic internal atmospheric variability in US hydroclimate (Seager et al. 2014; Cook 
et al. 2018; Ault et al. 2017; Stevenson et al. 2015; Coats et al. 2015b). Paleoclimate proxy-model 
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comparisons have furthermore shown that models can simulate the spatiotemporal characteristics 
of spatially widespread, continental-scale droughts (e.g. Coats et al. 2015a) and persistent, decadal-
scale droughts (e.g. Stevenson et al. 2015) as recorded in the paleoclimate record through different 
underlying oceanic states. Internal atmospheric variability is therefore likely to be relevant to the 
formation of both pan-CONUS and pan-coastal droughts. In the case of pan-coastal droughts 
specifically, where the dipole in precipitation imposed by the Pacific makes oceanic forcing of the 
entire US Pacific coast difficult, atmospheric variability is perhaps even a necessary component to 
forcing; previous studies have indeed highlighted the dominance of a coherent, uniform mode 
attributed to stochastic internal atmospheric variability in driving US hydroclimate on both inter-
annual and multi-decadal timescales (Cayan and Roads, 1984; McCabe and Dettinger, 2002; Cook 
et al. 2018). Assessments of the causes and dynamics of pan-CONUS and pan-coastal droughts, 
therefore, will necessarily require a separation of the contributions from forcings by the ocean and 
internal atmospheric variability. 
 
1.3 Data Limitations and Paths Forward  
 A key challenge in effectively characterizing the atmospheric and oceanic causes of pan-
CONUS and pan-coastal droughts is associated with the fact that observations are confined to only 
about 50-150 years of widespread instrumental records. This limits assessments of decadal-to-
centennial variability and extreme events that are not sufficiently sampled over a single century. 
Furthermore, because the observational interval only records one iteration of internal atmospheric 
variability, it is difficult to isolate internal atmospheric variability using the observational record 
alone. Characterizing the atmospheric and oceanic drivers of pan-CONUS and pan-coastal 
droughts therefore remains, at least in part, a data challenge.  
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 One way to circumvent these limitations of the instrumental record is to employ large 
ensembles of atmospheric models forced with observed SSTs. Such ensembles not only drastically 
augment the sampling of rare events, but also allow for multiple iterations of internal atmospheric 
variability. Furthermore, because all the members of a given ensemble are subject to the same SST 
forcing, but are allowed to differ based on their individual realization of internal atmospheric 
variability, they allow an interpretation of the ensemble mean as variability due to ocean forcing 
and deviations from the ensemble mean as internal atmospheric variability. These model 
ensembles thus, by construction, allow for the separation of internal atmospheric variability from 
oceanic conditions and represent valuable tools in the study of pan-CONUS and pan-coastal 
droughts.  
 The use of multiple ensembles of atmospheric model simulations forced with observed 
SSTs has been used to examine droughts over the US in the past. For instance, Seager et al. (2005) 
examined 16-member ensembles from the National Center for Atmospheric Research (NCAR) 
Community Climate Model version 3 (CCM3; Kiehl et al. 1998) forced with historical SSTs 
prescribed over (i) the global ocean or (ii) only over the tropical Pacific with a coupled ocean 
mixed layer elsewhere. These experiments demonstrated the primary role of tropical Pacific 
variability in forcing persistent droughts over the US Southwest and Great Plains. Similarly, 
Kushnir et al. (2010) used 16-member ensembles of the CCM3 forced with historical SSTs 
prescribed over (i) the global ocean or (ii) only over the tropical Atlantic with climatological SSTs 
elsewhere. They showed that warm tropical Atlantic conditions during April to September weaken 
the North Atlantic Subtropical High and induce northerly, subsiding flow over southwestern North 
America, while warm tropical Atlantic conditions during October to March suppress convection 
over the tropical Pacific and create a La Niña-like atmospheric wave train. Their experiments thus 
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supported a causal link between warm tropical Atlantic conditions and reduced precipitation over 
the US in both warm and cold seasons. In this dissertation, I use, among other datasets, the three 
16-member ensembles from Seager et al. (2005) and Kushnir et al. (2010) and an additional 16-
member ensemble from the newer Community Atmosphere Model version 5 (CAM5) forced with 
historical SSTs over the global ocean. These runs allow me to parse the contributions of ocean 
forcings and atmospheric variability to pan-CONUS and pan-coastal droughts and compare model 
results to observations.  
A second method to circumvent the sampling limitations of the observational record is to 
analyze proxy records that provide estimates of past hydroclimate variability over a range of 
timescales and resolutions (e.g. Jones et al. 2009; Masson-Delmotte et al. 2013). Tree-ring 
chronologies are an important proxy in this context, as they provide annually resolved, seasonal 
estimates of hydroclimate conditions over the Common Era (CE; e.g. Cook et al. 2004, 2010a,b; 
2015b; Palmer et al. 2015; Stahle et al. 2016; Cook et al. 2020; Belmecheri et al. 2015; Woodhouse 
et al. 2010). Tree-ring-based gridded drought atlases that target the Palmer Drought Severity Index 
(PDSI) are one important dendroclimatic product that has emerged over the last decade and a half, 
and comprise a vital source of information on CE hydroclimate (Cook et al. 2004, 2010a,b; 2015b; 
Palmer et al. 2015; Stahle et al. 2016; Cook et al. 2020), including the states of major atmosphere-
ocean modes in the past (Coats et al. 2016). Originally published in 2004, the North American 
Drought Atlas (NADA; Cook et al. 2004) is the most established of these efforts, with updates to 
incorporate additional tree-ring chronologies and increased resolution and spatial extent over 
North America (Cook et al. 2010b; Williams et al. 2020). The extensive spatial and temporal scope 
of the NADA allows for the study of North American hydroclimate conditions and the associated 
dynamics of hydroclimate variability that previously were not well sampled (e.g. Herweijer et al. 
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2007; Stahle et al. 2007; Cook et al. 2014a,b; Coats et al. 2016; Williams et al. 2020). These efforts 
have helped place modern drought conditions and dynamics in a paleoclimatic context, thus 
providing a longer-term perspective for evaluating the characteristics of modern drought and the 
roles that both natural variability and anthropogenic forcing play in contemporary hydroclimate 
and projected future conditions (e.g. Griffin and Anchukaitis, 2014, Williams et al. 2015; 
Herweijer et al. 2007; Cook et al. 2014b, 2015; Williams et al. 2020). These regression-based 
dendroclimatic reconstructions have been recently joined by a new type of paleoclimate 
reconstruction that combines elements of a fully coupled global climate model with the 
paleoclimate archive using a paleoclimatic data assimilation technique (Steiger et al. 2014; Steiger 
and Hakim, 2016). The newly available Paleo Hydrodynamics Data Assimilation product 
(PHYDA; Steiger et al. 2018) is one of the latest such hybrid products that uses a data-assimilation 
framework to merge 2,978 paleoclimatic proxies (including tree rings, ice cores, and corals) with 
one ensemble member from the NCAR Community Earth System Model (CESM) Last 
Millennium Ensemble (Otto-Bliesner et al. 2016). I employ both the NADA and PHYDA in my 
analyses of pan-CONUS droughts. The NADA and PHYDA collectively allow for a more 
thorough, wide-ranging, and comprehensive analysis of the causes of pan-CONUS droughts than 
was previously possible. The PHYDA in particular allows me to place pan-CONUS droughts in a 
regional, hemispheric, and global atmosphere-ocean context of the last thousand years or more.   
 
1.4 Motivation and Overview of Chapters 
 The purpose of this thesis is to use the abovementioned applications to circumvent the 
limitations posed by the short observational record to more fully examine the characteristics, 
causes, and dynamics of widespread droughts in North America, with a focus on pan-CONUS and 
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pan-coastal events. The use of atmospheric models forced with observed SSTs to examine the US 
hydroclimate is well-established, but I build upon this technology to specifically quantify the 
contributions of the ocean and atmosphere to pan-CONUS and pan-coastal droughts. In Chapter 
2, I outline the core datasets and methodologies employed in this dissertation. In Chapter 3, I 
investigate the contributions of oceanic and atmospheric variability to pan-CONUS droughts using 
four 16-member ensembles of atmospheric models forced with observed sea surface temperatures 
(SST) from 1856 to 2012. The employed SST forcing fields are either (i) global or restricted to the 
(ii) tropical Pacific or (iii) tropical Atlantic to isolate the impacts of these two ocean regions on 
pan-CONUS droughts. In Chapter 4, I characterize the spatiotemporal features of pan-CONUS 
droughts from 850 – 1850 C.E. using the paleoclimate record and diagnose how oceanic states 
likely contributed to these events in a manner that is consistent with the model assessment in 
Chapter 3. In Chapter 5, I employ some of the same 16-member ensembles used in Chapter 2 to 
study pan-coastal droughts and precisely demonstrate the extent to which ENSO and internal 
atmospheric variability establish pan-coastal drought conditions. Collectively, these chapters 
answer four important questions:  
1) What are the respective roles of the tropical Pacific, Atlantic, and internal atmospheric 
variability in forcing pan-CONUS droughts? 
2) Are associations between pan-CONUS droughts and ocean conditions in the 
paleoclimate record (specifically the PHYDA) consistent with those identified in the 
models over the observational interval? 
3) What are the relative contributions of the Pacific Ocean and internal atmospheric 
variability to pan-coastal droughts? 
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4) What implications do the relative contributions of the global ocean and internal 
atmospheric variability have for the prediction and projection of pan-CONUS and pan-
coastal droughts in a rapidly warming world? 
 
Finally, I note that much of the material in this dissertation has already been published or is 
currently in review for publication. This dissertation draws primarily from the following three 
papers: 
• Baek, S.H., J.E. Smerdon, R. Seager, A. P. Williams, B. I. Cook (2019a). Pacific 
Ocean forcing and atmospheric variability are the dominant causes of spatially 
widespread droughts in the contiguous United States, Journal of Geophysical 
Research: Atmospheres, 124, 2507 – 2524, https://doi.org/10.1029/2018JD029219. 
 
• Baek, S.H., N.J. Steiger, J.E. Smerdon, R. Seager (2019b). Oceanic drivers of 
spatially widespread droughts in the contiguous US over the Common Era, 
Geophysical Research Letters, 46, 8271 – 8280, 
https://doi.org/10.1029/2019GL082838 
 
• Baek, S.H., J.E. Smerdon, B.I. Cook, A.P. Williams. US Pacific Coastal Droughts 
are Predominantly Driven by Internal Atmospheric Variability, Journal of Climate, 
in review 
 
The full body of work completed during my PhD training furthermore expands beyond the above 
three papers to include other manuscripts. Although not principally included in this dissertation, 
my thinking and perspective draws from work on the following additional manuscripts: 
• Baek, S.H., J.E. Smerdon, G. Dobrin, J.G. Naimark, E.R. Cook, B.I. Cook, R. 
Seager, M.A. Cane. A Quantitative Hydroclimatic Context for the European Great 
Famine of 1315-1317, in review. 
 
• Baek, S.H., J.E. Smerdon, M. Ting, Y. Kushnir, R. Seager. Untangling 20th Century 
Atlantic Multidecadal Variability, in review. 
 
• Williams, A.P., E.R. Cook, J.E. Smerdon, B.I. Cook, J.T. Abatzoglou, K. Bolles, 
S.H. Baek, A. Badger, B. Livneh (2020). Large contribution from anthropogenic 





• Smerdon, J.E., J. Luterbacher, S. Phipps, K.J. Anchukaitis, T.R. Ault, S. Coats, 
K.M. Cobb, B.I. Cook, C. Colose, T. Felis, A. Gallant, J.H. Jungclaus, B. Konecky, 
A. LeGrande, S. Lewis, A.S. Lopatka, W. Man, J.S. Mankin, J.T. Maxwell, B.L. 
Otto-Bliesner, J.W. Partin, D. Singh, N.J. Steiger, S. Stevenson, J.E. Tierney, D. 
Zanchettin, H. Zhang, A. Atwood, L. Andreu-Hayles, S.H. Baek, B. Buckley, E.R. 
Cook, R. D'Arrigo, S.G. Dee, M. Griffiths, C. Kulkarni, Y. Kushnir, F. Lehner, C. 
Leland, H.W. Linderholm, A. Okazaki, J. Palmer, E. Piovano, C.C. Raible, M.P. 
Rao, J. Scheff, G.A. Schmidt, R. Seager, M. Widmann, A.P. Williams, E. Xoplaki 
(2017), Comparing proxy and model estimates of hydroclimate variability and 
change over the Common Era, Climate of the Past, 13, 1851-1900, 
https://doi.org/10.5194/cp-13-1851-2017. 
 
• Baek, S.H., J.E. Smerdon, S. Coats, A. P. Williams, B.I. Cook, E.R. Cook, and R. 
Seager (2017), Precipitation, temperature, and teleconnection signals across the 
combined North American, Monsoon Asia, and Old World Drought Atlases, 













Chapter 2: Data and Methods 
 
2.1 Model Data  
 Model data in Chapters 3-5 employ 16-member ensembles from the atmospheric models 
CCM3 and CAM5 forced by different prescribed oceanic conditions from 1856 to 2007 or 2012, 
depending on the experiment. SSTs used to force CCM3 are fixed in the following configurations: 
(i) Global Ocean-Global Atmosphere (GOGA), (ii) Pacific Ocean-Global Atmosphere-Mixed 
Layer (POGA-ML), and (iii) Tropical Atlantic-Global Atmosphere (TAGA). The GOGA 
configurations span 1856 – 2012 and force CCM3 with globally observed SSTs derived from 
Kaplan et al. (1998) and Hadley Centre Sea Ice and SST (HadISST; Rayner et al. 2003; see Seager 
et al. 2005 for details); Kaplan SST and HadISST were specified over the tropical Pacific (20°N – 
20°S) from 1856 – 2012 and outside the tropical Pacific from 1870 – 2012, respectively. Kaplan 
SSTs were used if available outside the tropical Pacific from 1856 – 1870; climatological SSTs 
from HadISST were used otherwise (Seager et al. 2005). The POGA-ML configuration spans 1856 
– 2012 and forces CCM3 with a tropical Pacific specified with Kaplan SSTs, but otherwise couples 
CCM3 to a uniform mixed layer to calculate SSTs elsewhere (Seager et al. 2005). Finally, the 
TAGA configuration spans 1856 – 2007 and forces CCM3 with observed tropical Atlantic (30°N 
– 30°S) SSTs from the GOGA configuration but imposes climatological SSTs elsewhere (Kushnir 
et al. 2010). SSTs used to force CAM5 are fixed only in the GOGA configuration and comprise 
the same observed global SSTs used in the CCM3 GOGA experiment (but span 1856 – 2016).  
 In Chapter 3, from each of the CCM3 GOGA, CCM3 POGA-ML, CCM3 TAGA, and 
CAM5 GOGA simulations, I use boreal summer (June-July-August; JJA) averages of volumetric 
soil moisture at 80-cm depth (linearly interpolated for CAM5) and calendar-year averages of 
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geopotential height at 500-mbar height (501.3 mbar for TAGA). In Chapter 4, I employ JJA 
averages of volumetric soil moisture from the CAM5 GOGA ensemble only. In Chapter 5, I use 
monthly precipitation (large-scale and convective precipitation total), JJA averages of volumetric 
soil moisture at 80-cm depth (linearly interpolated for CAM5), and October to March averages of 
geopotential height at 500 mbar for each of the CCM3 GOGA, CCM3-POGA-ML, and CAM5 
GOGA 16-member ensembles. For the purposes of my analyses in each chapter, all of these 
variables are standardized by subtracting and dividing by their respective 1856 – 2012 (2007 for 
TAGA) means and standard deviations. Analyzed SSTs in Chapters 3 and 4 are calendar-year 
averages that are centered by subtracting their respective 1856 – 2012 (2007 for TAGA) means. 
In Chapter 3, JJA and December-January-February (DJF) averages are also taken for SST and 
geopotential height, but because my results do not change appreciably between DJF, JJA, and 
calendar-year averages, I only show SST and geopotential height results for calendar-year 
averages. Analyzed SSTs in Chapter 5 are October to March averages that are similarly centered 
by subtracting the local 1856 – 2012 mean from each grid point. Output for all variables across all 
the ensembles have ~2.8° grid resolution. All model fields across the four ensembles are 
furthermore linearly detrended from 1856 – 2012 (2007 for TAGA) to remove the largest 
influences from anthropogenic warming effects and focus primarily on interannual to decadal 
signals.  
 
2.2 Paleoclimate Data 
 In Chapters 3 and 4, I use the Living Blended Drought Atlas version of the NADA (Cook 
et al. 2010b). The NADA spans the period 1 – 2005 CE with an even latitude-longitude grid 
resolution of 0.5°. The NADA reconstructs PDSI estimates from tree-ring chronologies and has 
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been widely analyzed to understand drought history and dynamics over North America (see the 
reviews in Cook et al. (2007) and Cook et al. (2016)), including the most widespread of North 
American droughts over the last millennium (Cook et al. 2014b). The NADA reconstruction uses 
a point-by-point regression method (PPR; Cook et al. 1996) that incorporates tree-ring 
chronologies within a search radius of 450 km at each reconstructed grid cell (Cook et al. 2004). 
The PPR method allows chronologies to be used in the reconstruction of more than one grid cell 
and only imposes local smoothing over the range of the search radius used in the calibration 
process (e.g. Cook et al. 1996).  The method does not impose any large-scale pattern selections as 
a consequence of the underlying calibration scheme, as is common in other joint space-time 
reconstruction methods (e.g. Evans et al. 2002; Smerdon et al. 2010; Mann et al. 2009); large-scale 
patterns across the drought atlas are therefore emergent characteristics of the underlying data. For 
the reconstruction, the NADA targets JJA PDSI, which is a normalized metric of soil moisture, 
with positive and negatives values respectively reflecting wetter and drier conditions for a given 
region relative to a climatological baseline and has a persistence of about 12-18 months (e.g. 
Palmer 1965; Guttman 1998; Cook et al. 2007).   
 In Chapter 4, in addition to the NADA, I use PDSI and 2-meter surface air temperature (2-
m SAT) outputs from a 100-member ensemble of the PHYDA.  I use JJA averages of PDSI, thus 
consistent with the JJA PDSI averages used in the NADA. 2-m SAT provides near surface 
temperature globally and is interpreted as representative of SSTs on seasonal and annual timescales 
herein. I use boreal summer and boreal winter (December-January-February; DJF) averages of 2-
m SAT anomalies, which are derived by centering 2-m SAT at each grid point relative to its 
climatological mean from 850-1850. All PHYDA outputs span the years 1 – 2000 CE on a 2.5° 
latitude by ~1.9° longitude grid resolution. Although data from both the PHYDA and NADA span 
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the full CE, I focus my analyses on the 850 – 1850 CE interval. I use 850 CE as the lower bound 
to ensure sufficient availability of proxy coverage over the CONUS domain and 1850 CE as the 
upper bound to remove intervals widely affected by anthropogenic forcings.  
 
2.3 Observational Data 
In Chapter 3, I use monthly Model Calibrated Drought Index (MCDI) data from Williams 
et al. (2017) as my observation-based metric of JJA soil moisture for comparison with modeled 
soil moisture. MCDI covers the CONUS domain with 1/8° resolution from 1895 – present and is 
based on the Palmer Z-index, which is a standardized monthly formulation of a bucket soil 
moisture model forced by precipitation and reference evapotranspiration (Allen et al. 2005). By 
formulation, the Z-index contains little inter-monthly persistence of previous soil moisture 
conditions (Palmer 1965). In most other applications, the Z-index is used to calculate the PDSI, 
but inter-month persistence of PDSI anomalies is prescribed based on field measurements from 
just one region of the CONUS (Palmer 1965). For the MCDI, inter-month persistence is spatially 
explicit, varies seasonally, and is calibrated to match that of monthly 0-200 cm soil-moisture 
anomalies simulated by the Noah Multi-Parameterization Land Surface Model (Ek et al. 2003; Niu 
et al. 2011), which includes effects of land-surface characteristics such as soil type and vegetation 
(Williams et al. 2017). The 0 – 200 cm depth is not only relevant for most root-zones, but also 
comparable to the 80-cm soil depth that is used from the models. In Chapter 3, I also employ the 
HadISST dataset and NOAA ESRL 20th Century Reanalysis Project Version 2c for monthly values 
of observational SST and reanalyzed geopotential height, respectively. HadISST has global SST 
coverage from 1870 to present on a 1° grid, while the 20th Century Reanalysis product offers, 
among several fields, global geopotential height coverage at 500 mbar from 1851 – 2014 on a 2° 
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grid. I compute DJF, JJA, and calendar-year means of SST and geopotential height from the 
observational products. In keeping with model analyses (and thus preserving consistencies in 
comparisons between models and observations), all MCDI, SST, and geopotential height fields are 
linearly detrended over their common interval from 1895 – 2014. Because the results do not change 
appreciably between DJF, JJA, and calendar-year averages for SSTs and geopotential heights (not 
shown), I only show results for calendar-year averages. Chapter 4 does not use observational data, 
but in Chapter 5, I employ the version 4.03 Climatic Research Unit Time-Series (CRU TS; Harris 
et al. (2020)) precipitation data, available monthly from 1901 – 2018 on a 0.5⁰ latitude-longitude 
grid. Again, I linearly de-trend this precipitation data over 1856 – 2012 to remove the greatest 
influences of anthropogenic global warming.   
 
2.4 Data Access 
All data used in this study are publicly available, as listed below.  
• CCM3 experiments: 
o http://kage.ldeo.columbia.edu:81/SOURCES/.LDEO/.ClimateGroup/.PROJECTS/
.CCM3/.  
• CAM5 experiments: 
o http://magog.ldeo.columbia.edu:81/home/.dlee/.cam5_goga/.  
• MCDI data: 
o http://www.ldeo.columbia.edu/~williams/se_drought_2017_jgr.html. 
• 100-member ensemble and the ensemble mean of the PHYDA:  
o http://doi.org/10.5281/zenodo.1154913.  











2.5 Drought Regions and Identification 
In Chapter 3 and 4, I focus on a region of North America approximately encompassing the 
contiguous United States (24.5 – 49°N to 59.5 – 127°W), with some extension into northern 
Mexico. Pan-CONUS droughts are defined as years in which at least 50% of the area-weighted 
landmass of my study region is under drought, with drought classified at each grid point as when 
PDSI or simulated JJA volumetric soil moisture at 80-cm depth is at least half a standard deviation 
below the mean. My classification method thus treats pan-CONUS droughts as binary events (i.e. 
either a given year meets the pan-CONUS drought threshold or it does not). My method 
furthermore counts the number of years of drought as opposed to the number of discrete drought 
events, even though some droughts span consecutive years. I note that previous studies examining 
similarly widespread droughts over North America (e.g. Cook et al. 2014b; Coats et al. 2015a) 
have used a different definition of pan-CONUS droughts that require the area-averages of PDSI in 
at least three of four geographic regions (American Southwest, Central Plains, Southeast, and 
Northwest) to be simultaneously below a specific drought threshold. I have broken from this 
convention to allow every location within the CONUS to potentially contribute to a pan-CONUS 
drought and to allow a more continuous measure of drought extent relative to a discrete measure 
defined by four specific regions. My definition selects for a larger number of pan-CONUS 
droughts because of the additional areas included, but the two definitions yield similar spatial 
patterns in their composites (not shown). 
In Chapter 5, I focus on a region of North America approximately encompassing the US 
Pacific Coast. I employ the same definition of pan-coastal droughts used in Cook et al. (2018), 
examining the same total region (32 – 50°N; 115 – 127°W) and its northern and southern 
subregions split at 40° latitude. I define pan-coastal drought years as years in which (i) the JJA 
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volumetric soil moisture over 70% of the entire coastal region has normalized values below -0.5 
s; and (ii) the area-average soil moisture is below -0.5 s in both the northern and southern regions. 
 
2.6 Separation of Atmospheric and Oceanic Influences 
In Chapters 3 and 5, I composite (i) soil moisture, (ii) SST, and (iii) geopotential height for 









where Xi,j is latitude-longitude matrix of either soil moisture, SST, or geopotential height in the ith 
ensemble member in a year, j, identified as a pan-CONUS or pan-coastal drought year and Ni is 
the total number of pan-CONUS or pan-coastal drought years in the ith ensemble. To isolate the 
component of the pan-CONUS or pan-coastal drought composite forced by SSTs, I compute the 
16-member ensemble mean and composite across the same years identified as pan-CONUS 
droughts in each of the individual ensemble members; because I am compositing from the 
ensemble mean the same years in which pan-CONUS drought are identified in each respective 
ensemble member, some years will be composited over multiple times. I regard this later 
composite as the product of ocean forcing (e.g. Seager et al. 2005; Kushnir et al. 2010; Yang et al. 









where 𝑿&,(HHHHH is a latitude-longitude matrix of either soil moisture, geopotential height, or SST from 
the ensemble mean in year j of the ith ensemble member identified as a pan-CONUS or pan-coastal 
drought year. The difference between the pan-CONUS or pan-coastal drought composite and the 
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ocean contribution in any given ensemble year is attributed to internal atmospheric variability and 
referred to herein as the “atmospheric variability contribution:” 
𝑿) = 𝑿* − 𝑿$ =	Atmospheric	Variability	Contribution		
As a measure of the relative contributions to the pan-CONUS or pan-coastal drought composite, I 
divide the volumetric soil moisture over the CONUS or US Pacific coast domain associated with 
the ocean contribution (XO,SM) or atmospheric variability contribution (XA,SM) by that of the total 
pan-CONUS or pan-coastal drought composite (XC,SM)  (herein termed the “percent contribution” 









 Thus, while Chapters 3 and 5 identify two distinct types of droughts (pan-CONUS and 
pan-coastal droughts, respectively), the methodology used to separate the atmospheric and 
oceanic influences are identical. Because both atmospheric and oceanic influences can induce 
land surface feedbacks, our characterization of atmospheric and oceanic variability will also 
include possible effects from land-surface feedbacks. While the characterized atmospheric and 
oceanic variability components will therefore not be exclusively associated with the atmosphere 
or ocean, respectively, our convention is sufficient for our present purpose, which is to 
specifically separate oceanic and land influences from atmospheric and land conditions that 






2.7 Model-Data Comparisons 
It is important to assess whether the CCM3 and CAM5 are capturing real-world dynamics 
pertinent to our studies of spatially widespread droughts. I thus attempt to determine (i) if the 
models can reproduce the incidence and spatiotemporal characteristics of pan-CONUS and pan-
coastal droughts and (ii) if the same underlying physical dynamics relevant in the real world, as 
represented in observations and the paleoclimate record, also drive the model events.  
In Chapter 3, I compare the representation of pan-CONUS droughts in the models to 
observations. Pan-CONUS droughts and their associated SSTs and geopotential heights are 
composited using the observational data over the interval from 1895 – 2014. I use the same 
definition of pan-CONUS drought and require that 50% of the area-weighted CONUS domain 
have MCDI values at least half a standard deviation below the mean at each grid point. I note that 
the MCDI represents 0-200 cm soil moisture as opposed to the 80-cm layer that is analyzed in the 
SST-forced model runs. Because the observational record represents just one realization of 
atmospheric variability over the observational interval given the observed SST state, I do not 
decompose the contributions of ocean forcing and atmospheric variability as I do in the model 
experiments. I nevertheless compare the spatial features of modeled and observational pan-
CONUS drought composites, as well as their years of incidence and frequency of occurrence.  
In Chapter 4, I composite pan-CONUS drought years across (i) a 100-member PHYDA 
ensemble from 850 – 1850, (ii) the NADA from 850 – 1850, and (iii) the 16 CAM5 simulations 
from 1856 – 2012. SST anomalies during pan-CONUS drought years are also composited for the 
PHYDA and the CAM5 ensembles, respectively. The years composited are selected solely on the 
basis of the pan-CONUS drought criterion; I do not consider drought variability on other 
continents nor SSTs from any region in my selection. These composites are compared to determine 
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if the models are capturing real-world characteristics of pan-CONUS droughts and their associated 
dynamics.  
In Chapter 5, I examine how model precipitation signals embedded within summer soil 
moisture compare to those of observations over both the northern and southern regions of the US 
Pacific Coast. I further compare how correlations between inter-annual variability of summer soil 
moisture and inter-annual variability of total precipitation in the models compare to observations 
for each of the 12 months of the water-year. 
 
2.8 Climate Indices 
 I use the NINO3.4 index to characterize the state of the tropical Pacific. The NINO3.4 
index is defined as the linearly detrended DJF average SST anomalies in the 5°N – 5°S and 170° 
– 120°W region; El Niño and La Niña events are defined as years (concurrent with the year in 
which January and February are sampled) in which the NINO3.4 index is a half standard deviation 
above or below the mean, respectively. I use the Atlantic Multidecadal Oscillation (AMO) and 
North Atlantic Sea Surface Temperature (NASST) indices to characterize the state of the Atlantic. 
The AMO index is computed as the linearly detrended JJA average SST anomaly in the 0° – 60°N 
and 0° – 80°W region. The NASST index is a similar index defined as the JJA average SST 
anomaly in the same geographic the region, but it is not de-trended. I define positive and negative 
AMO years as years in which the AMO or NASST index is a half standard deviation above or 
below the mean, respectively. The boreal winter and summer months are chosen to reflect the 
dominant season of ENSO (Rasmusson and Carpenter, 1982; Stein et al. 2014) and AMO (Enfield 




2.9 Self-Organizing Map Analysis 
 In Chapter 5, I conduct an 8-node self-organizing map (SOM) analysis on the de-trended 
and area-weighted April-to-March annual SST field for the ensemble mean of the PHYDA 
(Kohonen, 1998). The SOM analysis is an unsupervised artificial neural network technique that 
compresses a high-dimensional data field into a lower dimensionality while preserving 
neighborhood topology (Liu et al. 2006). It is analogous to empirical orthogonal functions (EOF) 
analysis, which decomposes the data field into leading orthogonal covariance patterns, but unlike 
EOF analyses does not impose linearity or orthogonality (Steiger et al. 2018). After computing the 
SOM nodes, the algorithm also classifies the SST field of each year according to the node that it 
matches best (the “best matching unit”; herein BMU) according to the shortest Euclidean distance 
between the SST fields and the SOM nodes. PDSI fields are composited across the years that 
correspond to the BMUs of each SOM. While there is no objective method for determining the 
appropriate number of SOMs, it is common to select the number of SOMs that maximizes the 
number of different patterns generated before they become redundant. We have followed this 
convention in our analysis of global SSTs and 8 emerges as the appropriate number of. To address 
SOM selection uncertainties and the impact on our analysis, however, we also calculate the SOMs 





Chapter 3: Atmospheric and Oceanic Forcing of Pan-CONUS 
Droughts 
 
Published in: Baek, S.H., J.E. Smerdon, R. Seager, A. P. Williams, B. I. Cook (2019). Pacific 
Ocean forcing and atmospheric variability are the dominant causes of spatially widespread 




 The canonical understanding of oceanic influences on US hydroclimate (Hoerling and 
Kumar, 2003; Schubert et al. 2009; McCabe et al. 2004) would suggest that pan-CONUS droughts 
are strongly associated with contemporaneous cold tropical Pacific and warm tropical Atlantic sea 
surface temperatures (SSTs). Cold phases of the El Niño Southern Oscillation (ENSO; or La 
Niñas) and Pacific Decadal Oscillation (PDO) establish an atmospheric ridge over the northern 
Pacific that diverts subtropical jets northward (Trenberth and Guillemot, 1996; Sarachik and Cane, 
2010; Seager et al. 2005) while warm phases of the Atlantic Multidecadal Oscillation (AMO) are 
hypothesized to weaken the North Atlantic Subtropical High and summertime low-level jets (Hu 
et al. 2011; Hu and Feng, 2012; Kushnir et al. 2010; Nigam et al. 2011; Oglesby et al. 2012), which 
cause broad precipitation deficits over various regions of the US. In this chapter, I use ensembles 
of atmospheric models forced with varying configurations of observed SSTs to isolate for the 
influences of internal atmospheric variability, the tropical Pacific Ocean, and the Atlantic Ocean 





3.2.1 Does the CCM3 Model Simulate Pan-CONUS Droughts? 
The distribution of the number of pan-CONUS droughts simulated across the CCM3 
ensemble members from 1895 – 2012 (a period chosen to be roughly consistent with the available 
observational data) is represented as a boxplot in Figure 3.1. The 16 members produce 7 to 16 pan-
CONUS drought years over the 1895 – 2012 period, the upper distribution of which is comparable 
to the 16 pan-CONUS droughts identified in the observation-based MCDI record. The CCM3 
model thus not only simulates the occurrence of pan-CONUS droughts, but also a range of events 
that includes the number that occurred in the observational record. Figure 3.1 also plots time series 
of the number of CCM3 GOGA ensemble members simulating pan-CONUS droughts each year 
from 1856 – 2012, as well as the occurrence of observed pan-CONUS droughts as identified in the 
MCDI from 1895 – 2012. The distribution of pan-CONUS droughts is expected to be forced in 
part by SSTs, but based on analyses presented subsequently, atmospheric variability plays a 
significant role in driving pan-CONUS droughts and introduces significant variability in their 
occurrence.  
 
Figure 3.1: (left) Boxplot of the number of pan-CONUS droughts simulated (7 to 16) in the CCM3 
GOGA ensemble from 1895 – 2012. Red star indicates the number of pan-CONUS droughts (16) 
identified in the MCDI data. (right) Time series of the number of ensemble members simulating 
pan-CONUS droughts each year from 1856 to 2012 in the CCM3 GOGA experiment. Gray lines 
represent identified pan-CONUS droughts in the observational-based MCDI data. Black solid line 
at 1895 marks the beginning of observational data availability.  
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3.2.2 CCM3 Oceanic and Internal Atmospheric Influences 
Figure 3.2 maps the composites for all pan-CONUS droughts across the CCM3 GOGA, 
POGA-ML, and TAGA 16-member ensembles from 1856 – 2012 (2007 for TAGA), as well as the 
associated SST and geopotential height anomalies. The corresponding ocean and atmospheric 
variability contributions to pan-CONUS droughts are also shown in Figure 3.2 for each ensemble 
of simulations. The CCM3 GOGA ensemble simulates 277 pan-CONUS droughts and yields a 
composite characterized by strong cooling over the tropical Pacific and strong warming over the 
northern Pacific, reflecting a clear La Niña and cold PDO pattern. Conversely, the Atlantic is 
characterized by largely neutral AMO conditions. Geopotential height anomalies at 500 mbar show 
a canonical La Niña-induced atmospheric ridge that stretches from the western north Pacific to 
eastern North America. These ocean contributions generally (Figure 3.2, middle column), and the 
La Niña conditions specifically, play a large role in the composited soil moisture anomalies during 
pan-CONUS droughts. Internal atmospheric variability (Figure 3.2, right column) nevertheless 
contributes a substantial additional ridge in a region centered over the US montane west. Ocean 
and internal atmospheric variability contribute a respective 53% and 47% to the severity of the 
simulated pan-CONUS droughts. Perhaps most importantly, atmospheric variability dries specific 
regions of CONUS that appear to have weaker connections to ocean forcing. In the CCM3 GOGA 
ensemble, atmospheric variability dries regions in the montane West and northeastern CONUS, 







Figure 3.2: (left column) Composite of all pan-CONUS droughts (as estimated from volumetric 
soil moisture at 80 cm) and their associated annual SST and 500mbar anomalies from 1856-2007 
across the 16-member (top row) CCM3 GOGA, (middle row) CCM3 POGA-ML, and (bottom 
row) CCM3 TAGA ensembles. The sample size in the composite is given in bottom right corner. 
(middle column) The ocean contribution to the pan-CONUS drought composite. The percent 
contribution of the ocean to the severity of pan-CONUS droughts is given in bottom right corner. 
(right column) The internal atmospheric contribution to the pan-CONUS drought composite. The 
percent contribution of internal atmospheric variability to the severity of pan-CONUS droughts is 
given in bottom right corner. Land area in the red box in top right panel represents our study region 
(24.5 – 49°N to 59.5 – 127°W). 
 
The middle row of Figure 3.2 shows the composites for all pan-CONUS droughts in the 
16-member CCM3 POGA-ML ensembles from 1856 – 2012. The POGA-ML ensemble 
experiment yields 248 pan-CONUS droughts, only a 10% reduction from the 277 years simulated 
in the GOGA ensemble, and a pan-CONUS drought composite very similar to the GOGA 
experiment. Almost all associated SST and geopotential height anomalies associated with pan-
CONUS droughts in the GOGA composite are preserved in the POGA-ML composite, albeit with 
anomalies that are more modest in magnitude. Though less severe, the ocean and atmospheric 
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variability contributions in the POGA-ML experiment are almost identical to their respective 
CCM3 GOGA counterparts in spatial extent; the SST and geopotential height fields between the 
GOGA and POGA-ML composite yield spatial correlations of 0.62 and 0.94, respectively. 
Moreover, the ocean and atmospheric variability contribute a respective 46% and 54% to the 
severity of pan-CONUS droughts in the POGA-ML experiment, similar to the 53% and 47% 
contributions in the GOGA experiment.  
It is important to reiterate that my selection of pan-CONUS droughts is based only on the 
criteria outlined in Section 2.4.; the high degree of similarity between the SST and geopotential 
height fields in the GOGA and POGA-ML ensembles are thus emergent characteristics underlying 
a common physical cause.  Because the GOGA and POGA-ML ensembles are forced with the 
same observed SSTs over the tropical Pacific (but vary over the rest of the global ocean), the high 
degree of similarity between the CCM3 GOGA and POGA-ML results highlights the importance 
of a cold tropical Pacific in driving pan-CONUS droughts. Moreover, the similarity between the 
pan-CONUS results in the GOGA and POGA-ML experiments suggests that tropical Pacific 
variability accounts for virtually all the ocean forcing of pan-CONUS droughts in the GOGA 
simulations.  
The TAGA ensemble experiment (Figure 3.2, bottom row) yields 189 pan-CONUS 
droughts, which is lower than the number simulated in the GOGA (N = 277) and POGA-ML (N = 
248) experiments. This decrease is largely attributable to the greatly diminished contribution from 
ocean forcing as evidenced by a largely neutral tropical Atlantic with little to no SST anomalies 
associated with the pan-CONUS drought composite. The ocean contributes just 15% to the severity 
of pan-CONUS droughts in the TAGA experiment and is tied to a uniformly modest drying over 
the CONUS domain. Conversely, atmospheric variability contributes 85% to the severity of the 
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TAGA-simulated pan-CONUS droughts. The strong similarity between the pan-CONUS drought 
composite and the contribution from atmospheric variability is a clear indication that the 
atmosphere drives pan-CONUS droughts in the TAGA ensemble. Virtually all the atmospheric 
anomalies, particularly the CONUS ridge centered over the western CONUS, and all drying over 
CONUS are attributable to atmospheric variability in the TAGA experiment. The weak Atlantic 
Ocean contribution in the TAGA experiment is also consistent with what is inferred by the striking 
similarity between the POGA-ML and GOGA results. Given that the POGA-ML configuration 
only prescribes SSTs over the tropical Pacific and otherwise couples CCM3 to a uniform ocean 
mixed layer, Atlantic SSTs in the POGA-ML ensemble represent a teleconnected response to 
tropical Pacific forcings. The virtually identical Atlantic SSTs in the POGA-ML and GOGA 
results thus indicate that any role the Atlantic plays in forcing pan-CONUS droughts may 
themselves be a component of the tropical Pacific forcing. The very weak ocean contribution of 
the TAGA ensemble thus suggests that the Atlantic plays a limited role in driving pan-CONUS 
droughts in the CCM3 model and further reinforces the dominant role of the tropical Pacific in 
forcing such events.  
 
Figure 3.3: Time series of the NINO3.4 index and the number of ensemble members simulating 





To further demonstrate the roles of the Pacific and Atlantic as characterized in the ensemble 
of simulations, I plot the NINO3.4 index in Figure 3.3 and the number of ensemble members 
simulating a pan-CONUS drought each year from 1856 – 2012 for both the GOGA and POGA-
ML configurations. The occurrence of pan-CONUS drought years is not broadly synchronous 
across the two experiments, which is expected given that atmospheric variability contributes 
roughly half to the severity (and therefore occurrence) of pan-CONUS droughts in both 
experimental ensembles. There are furthermore no years in which all 16 members simulate pan-
CONUS droughts, regardless of the ocean conditions; this is further in keeping with the large 
contribution from atmospheric variability, which can considerably obscure the oceanic forcings. 
Despite the influence of internal atmospheric variability, however, there are clear clusters of 
simulated pan-CONUS droughts during or very close to persistent La Niña years. For instance, 
1857 – 1863, 1870 – 1876, 1893 – 1895, 1909 – 1911, 1945 – 1957, 1960 – 1963, 1974 – 1976, 
and 1999 – 2002 are all periods of high pan-CONUS drought occurrence across the 16-member 
ensembles that also fall during or otherwise span periods with multiple La Niña events. The 
dominant role of ENSO within the ocean forcing component is also reflected in the mean NINO3.4 
index across all pan-CONUS droughts, which is -0.47°C and -0.49°C for GOGA and POGA-ML, 
respectively. Similar to the Pacific analysis, Figure 3.4 plots a time series of the AMO index and 
the number of ensemble members simulating pan-CONUS droughts each year from 1856 – 2007 
for the CCM3 GOGA and TAGA experiments. While there are clusters of pan-CONUS droughts 
(due to La Niñas) in the GOGA ensemble, the TAGA events are more randomly distributed across 
the ensemble. This is consistent with the dominant role played by atmospheric variability in the 
TAGA experiment. Furthermore, there does not appear to be any association between a given 
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AMO state and pan-CONUS drought incidence in either the GOGA or TAGA ensembles. The 
mean AMO state during all pan-CONUS droughts is 0.0°C for both GOGA and TAGA ensembles. 





Figure 3.4: Time series of the AMO index and the number of ensemble members simulating pan-
CONUS droughts each year from 1856 to 2007 for the CCM3 GOGA and TAGA configurations. 
 
3.2.3 Atmospheric Variability: Hemispheric Patterns 
The internal atmospheric variability contribution in the pan-CONUS drought composites 
consists of a high-pressure ridge over North America. The individual events represented within 
the composites, however, are generated by many dynamical patterns that do not distribute 
consistently in space. To illustrate this point, Figure 3.5 plots geopotential height anomalies due 
to atmospheric variability for eight individual pan-CONUS droughts from the CCM3 GOGA 
ensemble, as well as the global CCM3 GOGA composite for geopotential height and soil moisture 
across all pan-CONUS droughts. The oceanic influences have been removed from the geopotential 
height fields in Figure 3.5 to isolate the impacts of internal atmospheric variability. While the 
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contribution of atmospheric variability to pan-CONUS droughts yields an atmospheric ridge over 
North America that is not connected to a wider hemispheric pressure pattern, Figure 3.5 shows 
eight unique events with considerable range in their hemispheric pressure patterns. Any given year 
could have conditions that deviate from the composite pattern so long as the net influence of the 
ocean and atmospheric variability forces a ridge, and thus drying, over North America. 
 
3.2.4 Comparison of CCM3 and CAM5 GOGA Simulations 
The CCM3 has been shown to simulate precipitation variability over the CONUS domain 
with excellent fidelity (e.g. Seager et al. 2005; Seager and Hoerling, 2014; Hack et al. 1998), but 
it is an older generation atmospheric model. I therefore compare the simulation of pan-CONUS 
droughts in the CCM3 GOGA ensemble to a 16-member GOGA ensemble generated with the 
newer CAM5. Figure 3.6 shows the composite for all pan-CONUS droughts across the CAM5 
GOGA ensemble with its associated SST and geopotential height anomalies, as well as its 
corresponding ocean and atmospheric variability contributions to pan-CONUS droughts. The 
CAM5 and CCM3 GOGA composites simulate similar numbers of pan-CONUS droughts over the 
full 16-member ensembles: 303 and 277, respectively, and exhibit broad consistencies in their 
spatial features (i.e. between the top row of Figure 3.2 and Figure 3.6). This provides support for 
interpretations of the CCM3 simulations as representative of responses in newer-generation 
models. There nonetheless are some differences between the CCM3 and CAM5 simulations. For 
instance, CCM3 associates larger SST anomalies with pan-CONUS droughts in the Pacific, as well 
as a stronger atmospheric response to those SSTs. In contrast, CAM5 associates pan-CONUS 




Figure 3.5: Global plots of 8 individual internal atmospheric variability contributions to pan-
CONUS droughts and their associated annual 500 mbar geopotential height anomalies from the 
CCM3 GOGA 16-member ensemble. The composite of the same field and for soil moisture for all 




contribution (39%) being less than that of CCM3 (53%). Pan-CONUS drought conditions thus 
appear more strongly dictated by SSTs in the CCM3 model than in the CAM5 model. Despite 
these differences, the results provide some confidence that the associations between pan-CONUS 
droughts, ocean forcings, and atmospheric variability are consistent across the two generations of 
models, even though I do not currently have CAM5 simulations with POGA-ML and TAGA 
configurations to fully test the consistency. The agreement across the GOGA ensembles and the 
demonstrated skill of CCM3 in simulations of North American hydroclimate is nevertheless 
suggestive of the fact that the analyzed behavior of CCM3 is not a unique feature of the earlier 





Figure 3.6: Same as top row of Figure 3.2, but for the CAM5 GOGA experiment. Red box in top 
right panel represents our study region (24.5 – 49°N to 59.5 – 127°W).	
 
3.2.5 ENSO and AMO Influences on the Spatial Extent of CONUS Droughts 
I use both the CCM3 and CAM5 GOGA ensembles to generate boxplots for the percent of 
CONUS under drought (determined by dividing the number of grid points under drought by the 
total number of grid points) from 1856 – 2012 under various conditions (Figure 3.7). The “All” 
column is a boxplot of the percent of CONUS under drought for all years. The “NINO3.4 < -1.5,” 
“-1.5 < NINO3.4 < -1.0,” and “ -1.0 < NINO3.4 < -0.5” columns show GOGA ensemble aggregate 
boxplots of the percent of CONUS under drought only for years in which the NINO3.4 index is < 
-1.5, -1.5 to -1.0, and -1.0 to -0.5 standard deviations from the mean, respectively. Similarly, the 
“AMO > 1.0” and “AMO < -1.0” columns provide boxplots of the percent of CONUS under 
drought only for years in which the AMO index is greater than one standard deviation above and 
less than one standard deviation below the mean, respectively, in the two GOGA simulations. 
These variously sampled distributions indicate that La Niñas increase the percent of CONUS under 
drought in both the CCM3 and CAM5 experiments. As the severities of La Niña events intensify, 
the percent of CONUS under drought also generally increases. In contrast, the percent of CONUS 
under drought decreases (very slightly for the CCM3) for the subset of years in which the AMO 
index is one standard deviation above the mean, which is opposite of the expected response (e.g. 
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Kushnir et al. 2010). The percent of CONUS under drought also decreases for the subset of years 
in which the AMO index is one standard deviation below the mean.  
The distributions of the various samples above are tested for significance using a two-way 
Kolmogorov–Smirnov (KS) test (Chakravarti et al. 1967). The percent of CONUS under drought 
during La Niñas increases significantly (p<0.05) relative to the distribution that includes all years 
in both the CCM3 and CAM5 GOGA experiments; this is true for all subsets of La Niña extremes. 
The percent of CONUS under drought during warm AMO events (AMO > 1.0 standard deviation), 
is significantly smaller (p<0.05) than the distribution that includes all years for the CAM5 
experiment, while the CCM3 experiment is not significantly different from the distribution for all 
years. The percent of CONUS under drought during cold AMO events (AMO < -1.0 standard 
deviation) is significantly smaller (p<0.05) than the distribution that includes all years for both the 
CCM3 and CAM5 experiment. The percent of CONUS under drought during warm AMO events 
is significantly different from that during cold AMO events for CCM3, while the difference is not 
significant for CAM5. For the subset of years in which the AMO index is more than half a standard 
deviation above or below the mean, neither the CAM5 nor the CCM3 experiments yield 
distributions that are significantly different from the distribution that includes all years. At the half 
standard deviation threshold, the percent of CONUS under drought during warm AMO events is 
moreover not significantly different from that during cold AMO events for both the CCM3 and 
CAM5. My significance tests show cold Pacific conditions to clearly impact the percent of 
CONUS under drought but yield results that are not significant for warm Atlantic conditions; the 
only significant result is for CAM5, but towards a wetting instead of drying. While reasonably 
instructive in the context of the GOGA experiments, I also note that these assessments may 
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combine ENSO and AMO influences and thus are not as definitive as the other analyses I have 
performed herein to separate the Pacific and Atlantic influences.  
 
Figure 3.7: CCM3 and CAM5 GOGA ensemble aggregate boxplots of the percent of CONUS 
under drought between 1856 – 2012 under various ENSO and AMO conditions (standard 
deviations above the mean).   
 
3.2.6 Sensitivity of Results to Pan-CONUS Drought Definition 
 A threshold of 50% of the study area is used to define pan-CONUS droughts throughout 
the model analyses. Here I explore the sensitivity of my results to higher spatial thresholds. Table 
3.1 shows the number of pan-CONUS droughts, the percent ocean contribution, and the percent 
atmospheric variability contribution for spatial thresholds of 50%, 55%, 60%, 65%, and 70% area 
for each of the four 16-member ensembles. The number of pan-CONUS droughts predictably 
decreases across all four ensembles as the spatial extent criterion increases. The decreases are 
substantial—each 5% increase in area cuts the number of pan-CONUS droughts by as much as 
50%, demonstrating that the number of pan-CONUS droughts is particularly sensitive to the value 
of the spatial threshold. The relative contributions of the ocean and atmospheric variability are 
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nonetheless more robust across the range of spatial thresholds, notwithstanding increasingly higher 
contributions from atmospheric variability for larger spatial thresholds. This increase is consistent 
with the results of Figure 3.2 that show atmospheric variability to play a key role in drying regions 
of CONUS with weaker connections to ocean forcings. Given that ocean-induced drying may be  
 
Table 3.1: Sensitivity of model results to the pan-CONUS spatial extent threshold. The number 
of pan-CONUS droughts, the percent ocean contribution, and the percent atmospheric variability 
contribution are given for spatial thresholds of increasing percentages of the CONUS under 














50 277 53% 47% 
55 142 52% 48% 
60 74 48% 52% 
65 34 45% 55% 
70 9 45% 55% 
CCM3 POGA-ML 
50 248 46% 54% 
55 128 45% 55% 
60 53 42% 58% 
65 13 36% 64% 
70 2 29% 71% 
CCM3 TAGA 
50 189 15% 85% 
55 82 15% 85% 
60 33 15% 85% 
65 10 20% 80% 
70 4 22% 78% 
CAM5 GOGA 
50 303 39% 61% 
55 161 37% 63% 
60 88 32% 68% 
65 44 31% 69% 
70 16 27% 73% 
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spatially limited to regions of strong teleconnections, it is perhaps expected that the contribution 
of atmospheric variability to pan-CONUS droughts must increase with higher spatial thresholds. 
While the trend toward higher(lower) atmospheric variability contributions(ocean contributions) 
with increased drought-area thresholds is evident in the CAM5 GOGA, CCM3 GOGA, and CCM3 
POGA-ML ensembles, it is actually reversed in the CCM3 TAGA ensemble. For the 50% - 60% 
spatial thresholds, the contribution from the Atlantic holds steady at 15%. However, when the 
spatial threshold is increased to 65%, the contribution from the Atlantic increases to 20% or more. 
While the number of pan-CONUS droughts in the TAGA ensemble in which the Atlantic’s 
contribution is 20% or greater is relatively small (N = 14), this may be a subtle indication that the 
Atlantic is important for those pan-CONUS droughts that achieve the broadest spatial extents.	
 
3.2.7 Comparison to Observations 
 The top panel of Figure 3.8 shows a composite of mean observed MCDI, geopotential 
height, and SST anomalies during observed pan-CONUS drought years (N = 16) from 1895 – 
2014. There is evidence of weak La Niña-like conditions in the tropical Pacific, but the northern 
Pacific is reflective of a warm PDO pattern, as opposed to the cold PDO pattern that emerges in 
the models. The atmospheric ridge does not resemble a canonical La Niña-forced response but is 
more like the atmospheric contribution plots of Figure 3.2, likely attesting to the fact that the 
observed ridge is caused mainly by internal atmospheric variability. Figure 3.8 also shows a warm 
north	Atlantic basin that forms a canonical positive AMO horseshoe pattern over the North Atlantic 
in observed pan-CONUS drought years, which is not present in the SST-forced model results. 
Interpretations of differences between the observational and model results, however, must consider 
the limited sample size of 16 observed pan-CONUS droughts relative to the increased sampling 
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provided by the 16-member model ensembles and the dominant role of internal atmospheric 
variability inferred from the models. These considerations are particularly important for the 
Atlantic given its possibly stronger role over decadal to centennial timescales (as opposed to the 
incidence of yearly events that I have analyzed in the context of pan-CONUS droughts), which 
makes even more ambiguous the association between the Atlantic warm anomaly and pan-CONUS 
droughts suggested by Figure 3.8 (this is similarly true of the contrasting PDO states in the 
observations and model simulations).  
With the above perspective, I further sub-composite the 16 observed pan-CONUS drought 
years based on the value of their associated AMO index. The distribution of the AMO index for 
the 16 pan-CONUS droughts (Figure 3.9, bottom) yields three cold AMO, seven neutral AMO, 
and six warm AMO years thereby suggesting that the pan-CONUS drought composite (Figure 3.8, 
top) is weighted towards warm Atlantic conditions by just six of the 16 years. The cold and neutral 
AMO groups furthermore include La Niña conditions, pointing to conflated Pacific and Atlantic 
hydroclimatic influences. While the strong AMO group indicates weak El Niño conditions, the 
significance of the six years is ambiguous when considering that there are 42 years in which the 
AMO index is at least half a standard deviation above its 1895 – 2012 interval mean. In other 
words, it is entirely possible that the warm AMO association seen in the composite over the 





Figure 3.8: (top) Composite of pan-CONUS droughts (N = 16) in observation-based MCDI data 
and their associated SST and geopotential height over the 1895 – 2014 interval. The pan-CONUS 
drought years are: 1910, 1924, 1930, 1931, 1933, 1934, 1936, 1940, 1954, 1956, 1980, 1988, 2002, 
2006, 2007, and 2012. (bottom) Observed pan-CONUS drought composites based on their AMO 
index. The number of years is shown in the bottom right corner of each map composite. The AMO 
index values for each of the 16 observed pan-CONUS droughts in each of their respective 
groupings are shown underneath the observed composite maps. 1910, 1956, and 2002 are cold 
AMO years. 1924, 1930, 1940, 1954, 1980, 1988, and 2007 are neutral AMO years. 1931, 1933, 
1934, 1936, 2006, and 2012 are warm AMO years. 
 
 
To further demonstrate this possibility, I subsample from the two GOGA ensembles the same 16 
years in which pan-CONUS droughts occurred in the observational data, yielding 256 model years 
for each of the CCM3 and CAM5 16-member experiments. Some of these 256 model years will 
have pan-CONUS droughts and others will not; Figure 3.9 shows the composites for (i) those years 
that yield pan-CONUS droughts and (ii) those years that do not. I note that SSTs from the GOGA 
simulations and HadISST are both observation-based and nearly identical; while there is potential 
for model biases in the atmospheric response (e.g. Merrifield and Xie, 2016), there are no model 
biases in the GOGA SST fields. Figure 3.9 thus provides a very close approximation of how the  
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Figure 3.9: (top row) CAM5 and (bottom row) CCM3 GOGA ensemble composites of (i) pan-
CONUS droughts and (ii) remaining years excluding pan-CONUS droughts from only the subset 
of years in which pan-CONUS droughts occurred in the observational record. The number of years 




same SSTs seen in the observational composite (Figure 3.9) contribute to droughts in the models. If 
the Atlantic were at play, I would expect an increased incidence of pan-CONUS droughts relative 
to the rate over all years (1856 – 2012) in the 16-member GOGA ensembles. However, only 10.9 
– 12.9% of the 256 selected model years (28/256 and 33/256 for the CAM5 and CCM3 GOGA 
experiments, respectively) simulate pan-CONUS droughts, which is comparable to the frequency 
of pan-CONUS drought simulated in all years from the GOGA runs (12.1% and 11.0% for CAM5 
and CCM3, respectively). Warm Atlantic conditions thus do not seem to affect the likelihood of 
pan-CONUS droughts in the model simulations and even the 28 to 33 pan-CONUS drought years 
that include warm AMO conditions are accompanied in aggregate by strong La Niña conditions, 
making it highly ambiguous whether warm Atlantic conditions contributed to pan-CONUS 
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conditions in any material way. Additionally, the warm SSTs in the North Atlantic do not extend 
into the tropics where the principle association with North American hydroclimate resides (Sutton 
and Hodson 2005, 2007, Kushnir et al. 2010; Ruprich-Robert et al. 2017) and the composite of 
years that do not simulate pan-CONUS droughts yield neutral hydroclimate conditions over the 
CONUS in both the CAM5 and CCM3 ensembles despite anomalously warm northern Atlantic 
conditions. Conversely, the same composite shows a tropical Pacific with largely neutral to only 
very weak La Niña conditions.	
These results highlight an advantage of the combined GOGA, POGA-ML, and TAGA 
model experiments, namely their ability to isolate Pacific and Atlantic influences. More 
importantly, they demonstrate that associations between the Atlantic and pan-CONUS droughts in 
the observations and model simulations are likely not at odds, but rather reconcilable when 
considering the limited sampling and likely conflation of Pacific and Atlantic influences in the 
observational data.  
 
3.3 Discussion and Conclusion 
This chapter has assessed the contributions of ocean forcing and atmospheric variability to 
pan-CONUS droughts using atmospheric model experiments forced with multiple configurations 
of global or regional SSTs. My analysis of simulated pan-CONUS droughts demonstrates that 
internal atmospheric variability plays a role that is roughly equal to or greater than the collective 
ocean forcing; internal atmospheric variability can combine with the ocean forcing to either nullify 
or amplify CONUS drying. Tropical Pacific Ocean variability alone can explain virtually all of the 
ocean contribution to pan-CONUS droughts. Conversely, the model results suggest that the 
Atlantic does not play a significant role in forcing pan-CONUS droughts, as there is little 
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association between these droughts and warm conditions in the north Atlantic. While observations 
do appear to associate a warm north Atlantic with pan-CONUS droughts, closer analyses suggest 
that this association is not robust given the small number of years that qualify as pan-CONUS 
drought events in the observational data (N = 16), the dominant role of atmospheric variability, 
and the conflated influences of the Atlantic and Pacific Oceans. The model results as they relate 
to the Atlantic are thus not necessarily at odds with observations, but the comparison is limited 
given the small sample size in the observational dataset.  
My results are notwithstanding the caveat that I have examined only a single lineage of 
atmospheric model, namely the NCAR CCM3 and CAM5 models, and a relatively coarse 
resolution for each. The associations I have characterized in this study may therefore not extend 
across multiple models when considering varying model biases, model resolutions, and model 
responses to similar forcings. Additional experiments using different models and resolutions are 
thus important for determining whether the associations that I have characterized are specific to 
CCM3 and CAM5. One limitation is that there are few SST-forced model ensembles of 
comparable size and length to the 16-member ensembles I have analyzed herein. Many existing 
forced-SST modeling experiments employ ensembles that are on the order of only 3-5 members 
and only cover the post-1979 period (e.g. the AMIP CMIP5 experiments; Taylor et al. 2012), a 
reality that is not likely to change in CMIP6 (Eyring et al. 2016). A multi-model ensemble analysis 
is nevertheless needed to assess whether the model characterization that I present herein is 
consistent across many models, and most importantly whether it is consistent with reality. 
Nonetheless, the large role of internal atmospheric variability found in my results has key 
implications for the predictability of pan-CONUS droughts. Although statistical and physical 
models can predict El Niños and La Niñas with varying skill six or (sometimes) more months in 
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advance (Latif et al. 1994, 1998; Cane et al. 1986; Graham et al. 1987a,b; Barnett et al. 1988; 
Barnston and Ropeleski, 1992; Barnston et al. 2012), predicting internal atmospheric variability is 
limited to shorter lead times due to the chaos of atmospheric motions and the absence of guiding 
by slower evolving ocean conditions. According to my modeling results, internal atmospheric 
variability complicates the predictability of pan-CONUS droughts because it can either exacerbate 
or nullify drying imposed by La Niñas, leading to (i) strong La Niña years with low incidence of 
pan-CONUS droughts (1880, 1904, 1925, 1943, 1999, 2000, 2006, 2008, 2011), (ii) weak La Niña 
years with high incidence of pan-CONUS droughts (1872, 1895, 1946, 1960, 1962, 1975), and 
even (iii) strong El Niño years with pan-CONUS droughts (1897, 1900, 1903, 1912, 1931, 1964, 
1966, 1969, 1973, 1977, 2003). Despite the unequivocal influence of La Niñas, the ocean forcing 
contributes only ~50% to the severity of the pan-CONUS drought composite; the large role of 
atmospheric variability relative to the ocean forcing thus poses an inherent limit to the 
predictability of these events.  
Though not considered in my study, I note the important role of land-surface feedbacks on 
the hydrological cycle over the US (Xue et al. 2001; Beljaars et al. 1996; Koster et al. 2003, 2009, 
2012) and the potential for antecedent soil moisture conditions to influence the occurrence of pan-
CONUS droughts. Antecedent soil moisture not only imposes a supply-side constraint on 
evapotranspiration that limits the amount of precipitation recycled back to a region (Elfatih et al. 
1996; Wang-Erlandsson et al. 2014; Koster et al. 2009), but through its influence on latent cooling 
(Fisher et al. 2007a, b) and vegetation (Charney 1975, 1977), also modifies albedo, surface heat 
flux, planetary boundary layer height, and convective energy (Koster et al. 2011, 2014, 2016; Guo 
et al. 2011, Cook et al. 2015a). Studies suggest a positive feedback between soil moisture and 
precipitation (wetter soils lead to more evapotranspiration leading to more precipitation and thus 
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wetter soils) and have identified regions of CONUS as hotspots of soil moisture-precipitation 
coupling (Koster et al. 2004, 2006, 2016; Pal and Eltahir, 2002; Findell et al. 1997, 2003). Hence, 
properly modeling land-surface feedbacks over coupling hotspots may offer increased 
predictability of pan-CONUS droughts. In this study, the implications for predictive power of pan-
CONUS droughts beyond the timescale of internal atmospheric predictability are limited to those 
regions of CONUS that are sensitive to ocean forcings (i.e. US Southwest and Central Plains). 
While I have attributed all non-ocean forced drying to atmospheric variability, it is likely that some 
of this drying can be attributed to land-surface feedbacks, which would increase the potential 
predictability of pan-CONUS droughts.  
Notwithstanding land-surface influences and the abovementioned caveat, my results 
suggest the contemporaneous cold Pacific Ocean and warm Atlantic Ocean identified as being 
ideal for drought over North America (Hoerling and Kumar 2003; Schubert et al. 2009) is unlikely 
to generate drought across enough of the US to cause a pan-CONUS drought when unaided by 
internal atmospheric variability. Moreover, I find little evidence for a strong Atlantic influence, in 
contrast to previous findings. For instance, Cook et al. (2014b) and Coats et al. (2015a) found 
negative correlations between the AMO and (i) tree-ring PDSI in the North American Drought 
Atlas and (ii) PDSI calculated in last-millennium simulations from the CMIP5/PIMP3 archive, 
respectively. Coats et al. (2015) furthermore concluded that pan-CONUS drought probabilities 
increase during warm phases of the AMO. I note, however, that both studies derived those 
associations with positive AMO conditions using observational data and are thus subject to the 
same possibility of conflated Pacific influences that were explored in Section 3.3.7. To circumvent 
some of the challenges involved with a strict observational analysis of the AMO, I examine paleo-
derived estimates of the AMO over the last millennium in the next chapter.  
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My Atlantic results are also distinct from previous studies that show an active AMO 
influence on multi-decadal droughts (Cook et al. 2016; Feng et al. 2008, 2011; Coats et al. 2016). 
While single-year pan-CONUS events are strongly dependent on ENSO and atmospheric 
variability, decadal-scale events are associated with smaller hydroclimate anomalies and may be 
more sensitive to the slight but persistent background drying that the AMO can provide. Pan-
CONUS droughts and multi-decadal droughts are thus not directly comparable, and my results 
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4.1 Introduction: 
Limited sampling of pan-CONUS droughts provided by the short observational interval, 
and the influence of stochastic internal atmospheric variability (e.g. Seager and Hoerling, 2014; 
Ault et al. 2018; Baek et al. 2019; Williams et al. 2017; Bishop et al. 2019; Cook et al. 2018), make 
it difficult to fully characterize how atmospheric and oceanic variability combine to cause such 
events. To circumvent these challenges, I used ensembles of atmospheric model runs forced with 
observed SSTs in Chapter 3. Another method to greatly increase the sampling of pan-CONUS 
droughts is to employ the paleoclimate record, which provides a much longer archive of estimated 
pan-CONUS droughts than is available over the ~150 years of the observational interval. In this 
chapter, I examine the causes of pan-CONUS droughts since 850 C.E. in what is one of the first 
analyses of the new PHYDA dataset. This paleo-perspective spans a millennium and provides an 








Figure 4.1a shows boxplots of the distribution in the number of pan-CONUS droughts 
estimated per century by the 100-member PHYDA ensemble from 850 – 1850 (the last “century” 
has 101 years because it includes 1850) and the corresponding number of pan-CONUS droughts 
recorded in the NADA. Because each member of the PHYDA is a separate realization of 
atmospheric responses that are constrained by the same proxy network, the 100-member ensemble 
represents 100 estimates of the number of pan-CONUS droughts. The number of pan-CONUS 
droughts per century recorded in the NADA falls within the 25th and 75th percentiles of the 
distribution estimated by the 100-member PHYDA ensemble, suggesting that the PHYDA 
estimates the incidence of pan-CONUS droughts in a manner consistent with the more widely 
analyzed and assessed NADA product. To visualize the distribution of pan-CONUS droughts in a 
more continuous manner, Figure 4.1b shows a timeseries of the percent of the 100-member 
PHYDA ensemble that estimates pan-CONUS droughts in each year.  
To first characterize the influence of La Niñas and warm AMO events on pan-CONUS 
droughts in PHYDA, Figure 4.1c plots NINO3.4 and NASST index values for (i) pan-CONUS 
drought years and (ii) all years that do not include pan-CONUS droughts. Pan-CONUS droughts 
indicate a clear tendency toward negative values of both NINO3.4 and NASST indices, as over 
half of all pan-CONUS droughts have negative NINO3.4 and NASST values (and 84% of pan-
CONUS droughts have negative NINO3.4 values). To further characterize the noted associations, 
boxplots of the percent of CONUS in the PHYDA under drought during (i) all years, (ii) La Niña 
years, and (iii) warm AMO years over the 850 – 1850 interval are plotted in Figure 4.1d. Relative 
to all years, the percent of CONUS under drought increases significantly during La Niñas but 




Figure 4.1: (a) Pan-CONUS drought occurrences in the PHYDA and NADA. Boxplots represent 
the distribution of the number of pan-CONUS droughts estimated per century by the 100-member 
PHYDA ensemble. Years on the x-axis represent the center year during a 100-year period over 
which the distributions were calculated. (b) Timeseries of the percent of the 100-member PHYDA 
ensemble that estimate pan-CONUS droughts in a given year. Annual values are represented in 
light blue; the thick blue line is a 10-year moving average. (c) NINO3.4 index and NASST index 
values for pan-CONUS droughts and all other years from 850 – 1850. Percentages represent the 
number of years in which pan-CONUS (red) and non-pan-CONUS (black) droughts fall in each of 
the four respective quadrants. (d) Boxplots of the percent of CONUS in the PHYDA under drought 




Figure 4.2: Composites of pan-CONUS droughts in the NADA (850-1850), across the 100-
member PHYDA ensemble (850-1850), and in the CAM5 SST-forced ensemble (1856-2012). In 
all maps the JJA PDSI (NADA and PHYDA) or normalized volumetric soil moisture (CAM5) is 
composited, while the DJF and JJA SST fields are composited separately for both the PHYDA and 
the CAM5 ensembles. The number of events in the composites are 318, 34,230, and 303 for 
NADA, PHYDA and CAM5, respectively.  
 
As with the scatter plot in Figure 3.1c, the increase in the spatial extent of drought during 
La Niñas is expected, but the decrease in the spatial extent of drought during warm AMO events 
is surprising. The absence of an increase in the spatial extent of droughts during warm AMO events 
is nonetheless consistent with the modeling studies done in Chapter 3, which also found the percent 
of CONUS under drought to decrease during warm AMO events.  
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Figure 4.2 plots composites of PDSI during pan-CONUS droughts for (i) the NADA from 
850 – 1850, (ii) the 100-member ensemble of the PHYDA from 850 – 1850, and (iii) the 16-
member CAM5 ensemble from 1856 – 2012, with the PHYDA and CAM5 composite maps 
including global SST anomalies for the DJF and JJA seasons (all plots show JJA PDSI or soil 
moisture values). The three composites show widespread spatial agreement over North America, 
as exhibited by broadly dry and wet conditions over CONUS and continental Canada, respectively. 
For the PHYDA and CAM5, this spatial agreement extends to most of the globe, although the 
magnitude of the wet and dry anomalies globally is more pronounced in the PHYDA composite 
likely because of the far greater number of drought events sampled (N = 34,230) relative to those 
in the CAM5 composite (N = 303). The SST anomalies composited over PHYDA and CAM5 also 
show significant spatial similarities—both composites display patterns characteristic of canonical 
La Niña and cold PDO conditions in the Pacific and largely neutral conditions in the Atlantic. 
These ocean states are reflected in the mean values of the NINO3.4 and NASST indices during 
pan-CONUS drought years in the PHYDA (CAM5), which are -0.40 (-0.55) and -0.06 (-0.03), 
respectively.  
To further evaluate the association between pan-CONUS droughts and the identified ocean 
states, I use the described SOM analysis of the global SST field from PHYDA. Contrary to my 
preceding composite analyses that rely on the identification of pan-CONUS droughts and the 
analyses of the corresponding ocean conditions, the SOM analysis is independent of any 
assumptions about the hydroclimate states over land. Figure 4.3 maps the eight SOM node patterns 
of global SST; included in the maps is the corresponding global PDSI field composited over the 
years in which a given node is the BMU. The percent and total number of years that each respective 
node is the BMU for pan-CONUS drought years and non-pan-CONUS drought years is given in 
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Table 4.1. The percent change in BMU frequency for each node from years that do not include a 




Figure 4.3: The 8-node patterns from the SOM analysis of the PHYDA SST fields and the 
associated global PDSI patterns composited over BMU years of each SOM. The percent change 
in BMU frequency during pan-CONUS drought years, relative to non-pan-CONUS drought 









Table 4.1: The percent (%) and total number of years (#) that each respective node claims as the 





SOMs 1 – 4 show La Niña-like patterns while SOMs 5 – 8 show El Niño-like patterns. 
SOMs exhibiting La Niña-like (El Niño-like) patterns increase (decrease) in BMU frequency 
during pan-CONUS drought years relative to non-pan-CONUS drought years. SOMs with the 
strongest La Niña patterns (SOMs 1 and 2) furthermore lead to the greatest increases in BMU 
frequency (+98% and +208%, respectively). While SOMs with cold or warm Atlantic conditions 
generally show respective increases or decreases in BMU frequency, the state of the Atlantic does 
not seem to have nearly as strong of an influence on BMU frequency changes as the Pacific. For 
instance, although SOM 8 has by far the warmest Atlantic conditions, it shows smaller decreases 
in BMU frequency (-53%) than SOMs 6 and 7 (-73% and -75%, respectively), both of which 
exhibit more modest warm Atlantic conditions. Similarly, despite widespread warming over the 
north Atlantic and concurrently modest La Niña conditions, SOM 4 shows only a 1% increase in 
BMU frequency. I re-iterate that while there is no objective method to determine the appropriate 
number of SOM nodes, I have selected the number of SOMs that roughly maximizes the number 
of different global SST patterns generated before the patterns become redundant. My collective 
results are nevertheless unchanged in analyses that include 6 or 10 nodes (Figures 4.4 and 4.5). 
 
SOM % (#) Pan-CONUS 
Drought Years 
% (#) Non-Pan-
CONUS Drought Years 
1 19 (35) 10 (79) 
2 28 (51) 9 (74) 
3 18 (33) 15 (126) 
4 14 (26) 14 (115) 
5 8 (14) 9 (75) 
6 4 (8) 18 (149) 
7 4 (7) 14 (114) 
8 5 (9) 11 (86) 
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When coupled with the more traditional composite analyses that I described prior to the 
SOM results, my findings suggest that the cold Atlantic characterized during pan-CONUS 
droughts is more of a response to La Niña conditions than an active participant in the ocean 
forcing. That is, La Niñas not only make the US dry, but also cool the tropical Atlantic through a 
well-established teleconnection (Alexander et al. 2002; Cobb et al. 2001). All else being equal, 
drought events that are driven by La Niña conditions would similarly be expected to select for 
overall cold AMO conditions arising from the tropical Atlantic response to La Niña-forcing 
(Seager, 2007). Hence, while my SOM analyses clearly show cold states of the Pacific to drive 
pan-CONUS droughts, they also suggest that the Atlantic plays a passive or ambiguous role.  
 
 







Figure 4.5. Same as Figure 4.3, but using 10 nodes in the SOM analysis.  
 
4.3 Discussion and Conclusion 
The representation of pan-CONUS droughts in the PHYDA is consistent with what is 
recorded in the NADA both in terms of spatial features and frequency of occurrence. This 
validation of the PHYDA with regard to pan-CONUS droughts supports prior validation exercises 
that have found the PHYDA and NADA to have strong grid-level correlations from 1500-2000 
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CE (Steiger et al. 2018) and further supports my use of the PHYDA herein. Regarding the ocean 
forcing of pan-CONUS droughts, my analysis of the PHYDA corroborates the key model-based 
findings in Chapter 3 over the observational period, namely that pan-CONUS droughts exhibit a 
robust association with cold Pacific conditions but not with warm Atlantic conditions. The results 
of this Chapter and Chapter 3 thus tell a consistent story across multiple centuries about the oceanic 
causes of pan-CONUS droughts. 
In Chapter 3, I used ensembles of SST-forced models to  separate the contributions of 
internal atmospheric variability and the global ocean relative to the cumulative forcing of pan-
CONUS droughts by the atmosphere and ocean, and found that the contribution from the former 
was roughly equal to or greater than the latter. While I cannot directly assess the role of 
atmospheric variability in the PHYDA in the same manner it was quantified in Chapter 3, I note 
that results of the SOM analysis are consistent with the idea that atmospheric variability plays an 
important role in the occurrence of pan-CONUS droughts. For instance, although my results 
collectively show pan-CONUS droughts to strongly prefer La Niñas, SOM 4, despite its La Niña-
like conditions, demonstrates only a modest 1% increase in BMU frequency during pan-CONUS 
droughts relative to non-pan-CONUS droughts. Furthermore, SOMs with El Niño conditions (i.e. 
SOMs 5-8) collectively claim 21% of pan-CONUS years as the BMU (Table1). Such findings are 
consistent with the idea that internal atmospheric variability plays an important role in the 
occurrence of pan-CONUS droughts. 
My current findings are nonetheless in contrast to conventional thinking about the 
influence of the north Atlantic Ocean on North American hydroclimate. A key caveat of my results 
is that the PHYDA and the SST-forced models analyzed in Chapter 3 are both based on NCAR 
models, the former employing the NCAR LME (Otto-Bliesner et al. 2016) in the data assimilation 
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process and the latter being direct simulations from the NCAR CCM3 and CAM5. Further studies 
are therefore necessary to assess whether the results outlined herein and in Chapter 3 are robust to 
model choices. This caveat notwithstanding, a potential point of reconciliation between my results 
and the canonical understanding of Atlantic influences may be that the relative influences of the 
Pacific and Atlantic Oceans on North American hydroclimate vary over interannual and 
multidecadal timescales. Interannual droughts (like pan-CONUS droughts) are likely more 
influenced by strong ENSO variability than by the weaker SST variability in the tropical Atlantic. 
On decadal timescales, however, tropical Pacific and Atlantic SST variability are of more equal 
amplitude, and, when taken together with temporal persistence over this timescale, may allow the 
Atlantic Ocean to play a more influential role in decadal and multidecadal hydroclimate variability 
in North America (e.g. Cook et al. 2016; Feng et al. 2011; Nigam et al. 2011). Recent work to 
assess ocean forcing of multi-decadal droughts in the American Southwest using the PHYDA 
(Steiger et al. 2019) has indeed found an Atlantic association, in which case the perceived 
discrepancy of the AMO’s influence in the PHYDA may just be a matter of timescale.  
Finally, the paleo perspective provided by my study informs future analyses seeking to 
understand how pan-CONUS drought risk might change into the future. To first order, projected 
widespread warming due to future greenhouse gas emissions and consequent increases in 
evaporative demand (e.g. Cook et al. 2014a; Mankin et al. 2017, 2018; Dai, 2011), when coupled 
with projections of either reductions or modest increases in precipitation over the CONUS 
(Maloney et al. 2014), would portend more arid conditions over many CONUS regions. In regions 
like the western CONUS, such enhanced aridity is projected even when vegetation responses to 
increased concentrations of atmospheric CO2 are considered (Mankin et al. 2018; 2020). These 
biophysical and radiative responses to warming may also be joined by changes in atmospheric 
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variability (e.g. Cook et al. 2018; Bishop et al. 2019) and mean-state and/or ENSO characteristics 
in the tropical Pacific Ocean (e.g. Clement et al. 1996; Cai et al. 2015; Seager and Vecchi, 2010; 
Coats and Karnauskas, 2017). Given the demonstrated strong influence of atmospheric variability 
and La Niña events on pan-CONUS droughts, it is thus not obvious how the frequency and 
intensity of these events may change in the future. Determining future risk of pan-CONUS 
droughts therefore requires further work on how internal atmosphere and atmosphere-ocean 
variability will change; how vegetation and land-atmosphere water fluxes will respond to warming, 
precipitation changes, and rising CO2; and how these responses will combine with the changing 





Chapter 5: Atmospheric and Oceanic Forcing of US Pacific Coastal 
Droughts  
 
In review: Baek, S.H., J.E. Smerdon, B.I. Cook, A.P. Williams. US Pacific Coastal Droughts are 




 In this chapter, I apply the same methodological framework used to in Chapter 3 to study 
pan-coastal droughts. Cook et al. (2018) previously investigated the role of oceanic forcing and 
internal atmospheric variability on pan-coastal droughts along the US Pacific coast over the 
observational record, specifically examining the relative influences of the Pacific Ocean and 
internal variability over the region. The authors established that the leading mode of hydroclimate 
variability along the US Pacific coast is a spatially uniform mode not well correlated with SSTs or 
a known climate oscillation (therefore attributed to internal atmospheric variability). They 
identified the tropical-Pacific driven dipole mode of west coast hydroclimate variability to be the 
second and less dominant mode of influence. Although the findings of Cook et al. (2018) are robust 
over the observational interval, this time period provides limited sampling of rare pan-coastal 
droughts and chronicles only one realization of internal variability. My established model 
framework, now applied in the context of pan-costal droughts, provides (i) a much-expanded 
sampling of pan-coastal droughts and (ii) an explicit separation of internal atmospheric variability 
from oceanic forcing. My approach thus provides a more precise understandings of the extent to 




5.2 Results and Discussion 
 
5.2.1. Model-Observation Comparisons 
 To assess whether the SST-forced atmospheric models capture real-world dynamics 
pertinent to our study of pan-coastal droughts, we first examine how model precipitation and 
summer soil moisture conditions compare to observations. Figure 5.1 plots the monthly mean 
precipitation total during the water-year (October to September) for the northern and southern 
regions of the US Pacific coast for (i) observations and (ii) the CAM5 GOGA ensemble over their 
overlapping period from 1902 – 2012. In observations and the CAM5 model, the northern region 
experiences more precipitation than the southern region, with much of the precipitation occurring 
during the cold season (November to April) in both regions; precipitation peaks around December 
in the northern region and around January in the southern region. Figure 5.1 also shows Pearson’s 
correlation coefficients between interannual variability of total precipitation for each month of the 
water year and JJA volumetric soil moisture across the CAM5 GOGA ensemble. To preserve the 
influences of internal atmospheric variability, these correlation coefficients have been calculated 
for each respective ensemble member and then averaged across the ensemble. Consistent with 
observations (see Figure 1 of Cook et al. 2018), correlations along the US Pacific coast are 
strongest in April to June for the northern region and January to March for the southern region, 
highlighting the importance of antecedent winter/spring precipitation for summer soil moisture 
conditions, particularly for the southern region. Parallel figures for the CCM3 GOGA and POGA-
ML ensembles (Figures 5.2 and 5.3, respectively) demonstrate that the spatiotemporal patterns of 
precipitation and their association with soil moisture are consistent across all three ensembles. All 
three ensembles furthermore show consistency with water-year results from the observational 
record provided by the Gridded Global Historical Climatology Network (Cook et al. 2018). Based 
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on these comparisons, we interpret subsequent model results as reasonable representations of real-
world conditions over the study region.  
 
Figure 5.1: (top) Monthly mean precipitation climatology during the water year (October-
September) for observations and CAM5 GOGA ensemble mean for their overlapping period of 
1902 - 2012 in the northern and southern regions of the US Pacific coast. (bottom) Point-to-point 
correlations between CAM5 precipitation and CAM5 JJA volumetric soil moisture for each 
month from October to June over 1857-2012.  Land-regions contained in the boxes indicated 
with dashed red lines represent the northern and southern domains of the pan-coastal regions 





























































Figure 5.3: Same as Figure 5.1, but for the CCM3 POGA-ML ensemble.  
 
5.2.2. Separation of Atmospheric and Oceanic Influences 
Composites of pan-coastal droughts and their associated DJF SSTs and 500 mbar height 
anomalies for the three ensembles are shown in Figure 5.4. The CAM5 GOGA, CCM3 GOGA, 
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during 1857-2012 (each ensemble has 16 chances to generate a pan-coastal drought per year). The 
spatial patterns of the droughts are all similar despite the larger number of years generated in the 
CAM5 ensemble relative to those in the CCM3 ensembles. All three composites show pan-coastal 
droughts that are driest near the US Pacific coast and taper off toward the east, broadly consistent 
with the composites of observed pan-coastal droughts in Cook et al. (2018). All three composites 
furthermore show an atmospheric ridge centered over the US Pacific coast that diverts storm tracks 
northward and creates wet conditions over Alaska and northern Canada. I additionally note that, 
across the three ensembles examined, the occurrence of pan-coastal droughts is lower than that of 
pan-CONUS droughts despite pan-coastal droughts encompassing a smaller area than the more 
widely distributed pan-CONUS droughts. This is likely attributable, at least in part, to the role of 
the Pacific dipole, which on its own would make simultaneous drought in the northern and southern 
US Pacific coastal regions unlikely. The higher incidence of pan-CONUS droughts must mean that 
many, if not most, droughts classified as a pan-CONUS drought would not be classified as pan-
coastal drought; moreover, consistent with the influence of the dipole, the ocean contribution of 
pan-CONUS droughts (Figure 3.2 and 3.6) shows weaker drying over the northwestern region of 
the US relative to the southwestern, Great Plains, and southeastern regions of the US.  
Notwithstanding land-surface influences, I explicitly parse these pan-coastal drought 
composites into contributions from the ocean (global ocean for the two GOGA ensembles and 
tropical Pacific for the POGA-ML ensemble) and internal atmospheric variability in Figure 5.4. 
Although I interpret the ensemble mean to be the oceanic forcing (as well as land-surface 
feedbacks) and attribute all deviations from the mean to stochastic internal atmospheric variability, 
similar to discussion raised previously, stochastic internal atmospheric variability as defined herein 
may not truly be random and/or exclusively atmospheric in nature. For instance, any land-surface 
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feedbacks and quasi-cyclic oscillatory behavior (such as the Madden-Julian Oscillation (Zhang, 
2005) and precipitation not obviously tied to an oceanic controlling mechanism (see Johnstone 
2011 and Seager et al. 2015)) will be folded into my definition of stochastic atmospheric 
variability.  
The oceanic contribution manifests as broad but slight drying over the contiguous US 
across all three ensembles, with the oceanic contribution from the CCM3 POGA-ML ensemble 
being the most modest; overall, the ocean accounts for 14-18% of pan-coastal drought severity 
(Figure 5.4). The contributions from internal atmospheric variability to pan-coastal droughts are 
substantially larger across the three ensembles (accounting for 82-86% of the severity of pan-
coastal droughts) and closely resemble the pan-coastal composite, suggesting a primary role for 
internal atmospheric variability in driving pan-coastal droughts. This parsing furthermore 
demonstrates that the atmospheric ridge established during (and mostly likely responsible for) the 
pan-coastal droughts is derived almost entirely from internal atmospheric variability, with minimal 
contributions from the ocean; Figure 4 of Cook et al. (2018) similarly shows atmospheric ridging 
to be primarily associated with internal atmospheric variability in October-December and January-
March. Consistent with the interpretation that atmospheric variability is the dominant influence on 
pan-coastal droughts, the simulated pan-coastal droughts are spread relatively evenly in time. Pan-
coastal droughts occur most often in only one or two members from each 16-member ensemble. 
Only seven years across all three ensembles generate pan-coastal droughts in three members and 
only one year (1953 of CAM5 GOGA ensemble) generates pan-coastal droughts in four members. 
This relatively random distribution of pan-coastal droughts is further evidence that internal 
atmospheric variability is the dominant cause of pan-coastal droughts, and that oceanic forcing 
(which is common across ensemble members) is secondary.  
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In addition to separating the oceanic and atmospheric contributions, our methodology 
allows for a comparison of the influence of the tropical Pacific Ocean specifically, relative to the 
global ocean, on pan-coastal droughts. While the CAM5 and CCM3 GOGA ensembles show 
evidence of weak La Niña and cold PDO conditions during pan-coastal drought years (Figure 5.4), 
the CCM3 POGA-ML ensemble displays largely neutral SSTs over not just the tropical Pacific 
but also the north Pacific; this does not mean that the POGA-ML composite is only selecting for 
neutral Pacific states, but rather that in aggregate the conditions of the Pacific (ranging from El 
Niños, neutral states, to La Niñas; not shown) average out to muted conditions. This nevertheless 
suggests that north Pacific SST variability, as measured in observations, is not fully represented in 
the POGA-ML experiment relative to the GOGA experiments, which show a clear La Niña 
influence in aggregate. Tropical Pacific SSTs in the POGA-ML experiment will force some mixed-
layer response in the extratropical Pacific, but, in the case of pan-coastal droughts, this response 
does not appear to sufficiently emulate the influence of observed north Pacific SST variability. 
Interestingly, the consequence is, in aggregate, not only an absence of north Pacific contributions 
to pan-coastal droughts, but also a negation of the cold tropical Pacific SST anomalies that are 
evident in the oceanic component in the CCM3 GOGA experiment. The implication is that north 
Pacific Ocean variability plays an important role in the expression of both the tropical and 
extratropical contributions of the Pacific to pan-coastal droughts, although the difference between 
the magnitude of the north Pacific contribution in the CCM3 and CAM5 GOGA experiment 





Figure 5.4: (top row) Composites of pan-coastal droughts defined by JJA soil moisture and their 
associated DJF SSTs and 500 mb height anomalies across the (left) CAM5 GOGA, (middle) 
CCM3 GOGA, and (right) CCM3 POGA-ML ensembles during 1856-2012. The number of 
years in the composite is given in the upper left corner of each panel. The oceanic contribution to 
the pan-coastal droughts (middle row). The contribution of internal atmospheric variability to 
pan-coastal droughts (bottom row).  The contribution to the total drought severity from the ocean 
and atmosphere is given in the upper left corner in the middle and bottom rows for each model 
experiment. 
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The contrasting Pacific conditions across the CAM5 and CCM3 GOGA experiments and 
the CCM3 POGA-ML experiment are further reflected in the mean NINO3.4 index values during 
pan-coastal droughts, which across the CAM5 GOGA, CCM3 GOGA, and CCM3 POGA-ML 
ensembles, are -0.32, -0.24, and 0.06, respectively. The POGA-ML ensemble generates a 
comparable number of pan-coastal droughts with similar spatial characteristics as its GOGA 
counterpart, indicating that (i) internal atmospheric variability, even in the absence of cold tropical 
Pacific conditions, is the main factor driving pan-coastal droughts; and/or, to the extent oceanic 
influences are important to pan-coastal droughts, (ii) ocean variability outside of the tropical 
Pacific or driven by ocean processes that couple the tropical and north Pacific outside of the mixed 
layer (including processes within the mixed layer such as Ekman currents, vertical mixing, variable 
mixed layer depths, and entrainment) are important for imparting Pacific Ocean influences on pan-
coastal drought variability.  
 To assess the extent to which the Pacific may assist or interfere with internal atmospheric 
variability in generating pan-coastal droughts, we further parse the CAM5 pan-coastal drought 
composite, ocean contribution, and atmospheric variability contribution into sub-composites 
during (i) strong El Niños, (ii) weak El Niños, (iii) weak La Niñas, and (iv) strong La Niñas, which 
we define as when the NINO3.4 index is (i) more than one standard deviation above the mean, (ii) 
between half and one standard deviation above the mean, (iii) between half and one standard 
deviation below the mean, (iv) and more than one standard deviation below the mean, respectively 
(Figure 5.5). We classify all other years as neutral events (i.e. when the NINO3.4 index is between 
plus or minus half a standard deviation from the mean). Depending on its state, ENSO can range 
in its influence from assisting to slightly reducing the forcing of pan-coastal droughts from internal 
atmospheric variability. 44% of pan-coastal drought years (42 out of 96) occur during La Niñas, 
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when the ocean contributes 24% to the severity of pan-coastal droughts. The intensity of La Niñas 
can affect the ocean contribution to pan-coastal droughts, but this impact is modest; for instance, 
weak and strong La Niñas both contribute 24% to the severity of pan-coastal droughts. For the 
most severe La Niñas, when the NINO3.4 index is more than one and a half standard deviations 
below the mean (N = 9), the ocean contributes 27% (which is only 5% more than for all other La 
Niñas). The ocean’s contribution is diminished during El Niño states, which comprise only 19% 
of pan-coastal droughts (18 out of 96); neutral events account for the remaining years (36 out of 
96). The ocean during weak El Niños contributes 4% to the severity of pan-coastal droughts. 
During strong El Niños, the ocean favors wet conditions along the US Pacific Coast, and therefore 
actually diminishes the severity of pan-coastal drought events. The atmosphere is nevertheless able 
to force pan-coastal droughts despite the forced wet pattern along the US west coast during El 
Niños, demonstrating that internal atmospheric variability can reliably produce pan-coastal 
droughts even when ocean conditions do not favor drought. I also note, however, that the ocean-
forced hydroclimatic pattern over North America during pan-coastal droughts during weak El 
Niños is not canonical, nor is the nature of the SST anomaly in the tropical Pacific (Figure 5.5), 
which is more representative of a central Pacific El Niño pattern (Ashok et al. 2007; Freund et al. 
2019; Kug et al. 2009). The nature of the El Niño pattern may therefore play an important role in 
the relative mix of pan-coastal drought forcing from internal atmospheric variability and oceanic 
contributions during El Niño events, a factor worth further exploration. While the Pacific’s 
influence is thus variable and likely more nuanced than what I explore herein, the largest ocean 
contribution to pan-coastal droughts appears to be during severe La Niñas, which, based on the 
character of La Niñas sampled over the observational interval, contribute an upper limit of about 




Figure 5.5: (top row) Composites of pan-coastal droughts defined by JJA soil moisture and their 
associated DJF SSTs and 500 mb height anomalies during (left to right) strong El Niños, weak El 
Niños, weak La Niñas, and strong La Niñas in the CAM5 GOGA ensemble during 1856-2012.  
The number of years in the composite is given in the upper left corner of each panel. (middle 
row) The oceanic contribution to the pan-coastal droughts. (bottom row). The contribution of 
internal atmospheric variability to pan-coastal droughts.  The contribution to the total drought 
severity from the ocean and atmosphere is given in the upper left corner in the middle and 
bottom rows for each model experiment. 
 
 
 5.2.3. Identifying the Leading Drivers of US Pacific Hydroclimate Variability 
 
We complement our ability to explicitly separate oceanic and atmospheric influences on 
pan-coastal droughts with principal component analyses (von Storch and Zwiers, 1999) to further 
investigate the respective influences of oceanic forcing and atmospheric variability on 
hydroclimate variability along the US Pacific coast; these analyses also parallel those in Cook et 
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al. (2018). Figure 5.6 shows the first and second Empirical Orthogonal Functions (EOFs) of 
ONDJFM averages of total precipitation variability over 1856 – 2012 (calculated on a time-
concatenated matrix comprising the 16-members of each respective ensemble as opposed to the 
ensemble mean) along the US Pacific coast across the CAM5 GOGA, CCM3 GOGA, and CCM3 
POGA-ML ensembles, respectively; the first leading EOF is a spatially uniform pattern explaining 
56%, 57%, and 58% of the respective variance, while the second leading EOF is a dipole pattern 
explaining 30%, 28%, and 27% of the respective variance. These are broadly consistent with the 
observational findings of Cook et al. (2018), in which the uniform mode appeared largely 
attributable to internal atmospheric variability as the first leading mode explaining 44 – 48% of 
the variance; the dipole mode was attributable to oceanic forcing as the second leading mode 
explaining 24% of variance. The precipitation variance attributed to the first and second EOFs for 
the fully concatenated ensemble is higher in the models than the observations, but the full range 
of variances explained by the PCs of each individual ensemble member is more directly 
comparable to the calculation in the observations. The precipitation variance of the first PC(second 
PC) ranges from 50-62%(25-36%), 50-63%(23-33%), and 53-62%(24-32%) for the CAM5, 
GOGA, and POGA-ML ensembles, respectively, indicating that the leading PCs simulated by 
some ensemble members closely resemble the observations in terms of variance explained. 
Regardless of any differences in variances attributed to the two leading modes between models 
and observations, the relative variance attributed to oceanic forcing with regard to internal 
atmospheric variability (estimated by dividing the variance explained by the second EOF by that 
of the first) is ~50% across the three ensembles and in the observational record.  
When the analysis domain is expanded to a greater area of the western US (21–60ºN, 135–
112ºW), the first EOF of precipitation does resemble a dipole pattern, but the line of inflection is 
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much farther north than the ~40°N inflection that is attributed to the ENSO dipole forcing (Wise 
2010, 2016; Dettinger et al. 1998). These results are also broadly reproduced for JJA soil moisture 
(Figure 5.7); the first EOF(second EOF) resembles a uniform mode(dipole mode), accounting for 
36%(21%), 26%(16%), and 25%(15%) of the variance across the CAM5 GOGA, CCM3 GOGA, 
and CCM3 POGA-ML ensembles, respectively (when calculated on a time-concatenated matrix 
comprising the 16-members). These results are collectively consistent with those presented by 
Cook et al. (2018) using only the observational data. 
To further explore the association of the first and second leading modes with internal 
atmospheric variability and oceanic forcing, we plot point-to-point Pearson’s correlation 
coefficients calculated between the first principal component (PC1) of ONDJFM precipitation over 
the pan-coastal domain and ONDJFM 200-mbar geopotential heights for each of the 16-members 
of the CAM5 ensemble (Figure 5.8); only significant correlation coefficients are plotted (p < 0.10). 
In all 16 members, PC1 exhibits correlation coefficients in the north Pacific that are opposite in 
sign from coefficients in the tropical Pacific, while consistently exhibiting negative correlations 
with a homogeneous elliptical feature centered off the US Pacific coast that is characteristic of the 
atmospheric ridge we have already identified as the feature that dominates the occurrence of pan-
coastal droughts. Parallel plots for PC2 (Figure 5.9) show more consistently ENSO-like correlation 
patterns than those represented in Figure 5.8, all of which show more widespread and robust 
coefficients that are symmetric across the equator and are absent of the more isolated ridging 
feature off the US Pacific coast associated with PC1. Although several members of Figure 5.8 
resemble a pattern that is more characteristic of a symmetric, tropically-forced Pacific Ocean mode 
(for instance the top right and bottom left members), the majority of the ensemble members are 




Figure 5.6: (top row) The first leading EOF of coastal ONDJFM total precipitation for 1856 – 
2012 across the (a) CAM5 GOGA, (b) CCM3 GOGA, and (c) CCM3-POGA-ML. (d) The same 
as (a), but when the domain is expanded to 21–60ºN, 135–112ºW. The number at the bottom 
represents the percent of the variance explained by the EOF. (bottom row) The same as the top 
row, but for the second leading EOF.  
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Figure 5.7: Same as Figure 5.6, but for JJA volumetric soil moisture.  
 
ridging feature off the US Pacific coast associated with the uniform precipitation mode. In contrast, 
every member of Figure 5.9, without exception, robustly captures a hemispherically symmetric 
pattern (particularly over the Pacific basin) that is characteristic of a tropically-forced Pacific 
Ocean mode that is manifest as a dipole precipitation pattern over the US Pacific coast.  
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Given our interpretations of PC1 and PC2, namely that they are associated with uniform 
and dipole precipitation patterns originating from stochastic atmospheric variability and the 
tropical Pacific, respectively, the more variable correlation patterns in Figure 5.8 and the nearly 
unchanging patterns in Figure 5.9 are consistent with expectation. These interpretations of PC1 
and PC2 are further supported in Figures 5.10 and 5.11 that plot significant Pearson’s correlation 
coefficients (p < 0.10) calculated between PC1 and PC2 and ONDJFM global SSTs for all 16-
members of the CAM5 ensemble. While PC1 strongly correlates with ENSO SST patterns in only 
several of the 16 ensemble members, PC2 correlates with ENSO SST patterns that are more 
consistent across all ensemble members. As in Cook et al. (2018), and in keeping with my analyses 
that have separated the model simulations into internal atmospheric variability and ocean forcing 
components, the correlation patterns in Figure 5.8-5.11 support the physical interpretation that PC1 
represents an atmospheric-forced mode and PC2 represents a Pacific-generated dipole mode, 
despite PC1 and PC2 being statistical constructions. However, it is nevertheless true that 
correlation patterns of PC1 appear to have an ENSO influence in both geopotential height and SST 
fields. In keeping with our interpretations of the atmosphere-forced PC1 and the ocean-forced PC2, 
the similarities in the expression of PC1 and PC2 in the geopotential and SST fields suggest a tight 
coupling of the atmosphere and Pacific Ocean. That is, while the more robust, global, and 
symmetric features of PC2 patterns is indicative of the ocean forcing the atmosphere, the strong 
similarity of PC1 patterns to PC2 patterns suggests the atmosphere is also forcing the ocean, as 
would perhaps be feasible if internal atmospheric variability were to drive North Pacific SSTs (e.g. 
Davis, 1976; Johnstone and Mantua, 2014; Hartmann, 2015; Seager et al. 2015) and there were 
close coupling between the tropical and extratropical Pacific (Amaya, 2019; Chiang and Vimont, 




Figure 5.8: Point-to-point correlations between PC1, derived from the ONDJFM precipitation 
field over the pan-coastal domain, and ONDJFM 200-mbar geopotential height for all 16-




Figure 5.9: Same as Figure 5.8, but for PC2.  
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Figure 5.10: Point-to-point correlations between PC1, derived from ONDJFM precipitation field 
over the pan-coastal domain, and global ONDJFMSSTs for all 16-members of the CAM5 
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I have examined the representation of pan-coastal droughts in ensembles of atmospheric 
models forced with observed SSTs, which has allowed me to separate contributions to pan-coastal 
droughts into oceanic and atmospheric components. My results show that the atmospheric ridge 
responsible for pan-coastal droughts is derived almost entirely from internal atmospheric 
variability in the analyzed SST-forced model simulations. Despite an association with both La 
Niña and cold PDO conditions, the global ocean plays a secondary role driving pan-coastal 
droughts, while internal atmospheric variability is the dominant influence on these events. 
Principal component analyses of modeled winter precipitation show a uniform mode, attributable 
to internal atmospheric variability, and a dipole mode, attributable to Pacific Ocean forcing, to 
comprise the first and second leading modes of hydroclimate variability along the US Pacific coast, 
consistent with previous observational analyses of Cook et al. (2018). This contrasts with the 
paradigm of the Pacific-induced dipole as the leading mode of precipitation variability along the 
US Pacific coast, which remains attractive in part because the strong teleconnections to the Pacific 
combined with the predictability of ENSO events allow skillful prediction six months or more in 
advance (Barnston et al. 1994, 2012). However, this predictability would be for the dipole mode 
of precipitation variability and not for the pan-coastal droughts that are more tied to internal 
atmosphere variability.  The dominance of internal atmospheric variability along the US Pacific 
coast nevertheless is well-documented and is reinforced by the expanded sampling of internal 
atmospheric variability provided by the SST-forced model framework.  
My model results suggest limited predictability of pan-coastal hydroclimate variability 
(including pan-coastal droughts) because any secondary oceanic forcings may become lost amidst 
the chaos of the atmosphere. While not fully predictive, La Niñas nevertheless do enhance both 
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the incidence and severity of pan-coastal droughts and can thus still provide useful insight into the 
likelihood of pan-coastal droughts. The limited predictability of pan-coastal droughts is 
notwithstanding the strong correlations of Oct-Mar precipitation with summer soil moisture, 
demonstrated herein using models as well as in observations (e.g. Cook et al. 2018). While cold 
season precipitation itself may be difficult to forecast (given the influence of internal atmospheric 
variability), summer pan-coastal droughts will nevertheless be directly impacted by precipitation 
deficits during the preceding Oct-Mar period. Hence there should be some predictability of 
summer soil moisture based upon winter precipitation, at least in the southern coastal regions 
where the ocean contribution to pan-coastal droughts is clearer (the oceanic teleconnection is 
weaker in the Pacific Northwest and indicative of lower predictability).  Additionally, while we 
attribute any non-oceanic forcing of pan-coastal droughts to stochastic atmospheric variability, our 
definition of stochastic internal atmospheric variability may not truly be stochastic or atmospheric 
in nature. Quasi-cyclic atmospheric activity, such as the quasi-biennial mode in western US 
precipitation variability (Johnstone, 2011) for instance, is likely not completely stochastic in nature 
though its mechanism is not yet well understood (and not obviously tied to the global ocean); 
further research into such quasi-cyclicity may offer additional avenues for predictability. Land-
surface initializations can also affect atmospheric circulation and have demonstrated forecasting 
impact, albeit very small, of up to 30-day and 45-day leads for precipitation and temperature, 
respectively, over parts of North America (Koster et al. 2010). Despite these considerations, our 
study makes clear the limitations of examining pan-coastal droughts through a Pacific-induced 
dipole paradigm and highlights the need to further consider internal atmospheric variability as the 




Chapter 6: Conclusion and Future Work 
  
 Using a combination of climate model simulations, observations, and paleoclimate 
reconstructions, I have examined the causes of pan-CONUS and pan-coastal droughts. These 
events, understood as spatially coherent and induced by a common underlying cause, are important 
to diagnose in part because of the unique mitigation challenges they pose. They furthermore 
present important scientific case studies from which to disentangle the respective influences of 
internal atmospheric variability, the tropical Pacific, and the Atlantic over the US. I briefly provide 
below a quick summary of Chapters 3 - 5.  
 In Chapter 3, I investigated the contributions of oceanic and atmospheric variability to pan-
CONUS droughts using three 16-member ensembles of atmospheric models forced with observed 
SSTs from 1856 to 2012. The employed SST forcing fields were either (i) global or restricted to 
the (ii) tropical Pacific or (iii) tropical Atlantic to isolate the impacts of these two ocean regions 
on pan-CONUS droughts. I concluded that: 
• Models forced with observed SSTs replicate spatially widespread summer droughts over 
the contiguous US. 
• Variability in the tropical Pacific explains almost all of the ocean forcing of these droughts 
in the models. The Atlantic plays a minor or ambiguous role. 
• Contributions to these droughts from internal atmospheric variability are roughly equal to 
or greater than the collective ocean forcing. 
 In Chapter 4, I built upon the above results (which focused exclusively on the observational 
interval) by examining pan-CONUS droughts over the Common Era. Using the NADA and the 
PHYDA, I characterized pan-CONUS droughts from 850 – 1850 C.E. and provided a millennium-
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length perspective on the role of ocean variability in causing these events. Using composite and 
self-organizing map analyses, I concluded the following: 
• Widespread summer droughts in the contiguous US have been a persistent hydroclimatic 
feature over much of the Common Era. 
• La Niñas are the principal oceanic feature associated with these widespread droughts, while 
the Atlantic is shown to have minimal associations. 
• The estimated oceanic drivers of these droughts over the paleo record is consistent with the 
model-based findings over the instrumental record (i.e. findings of Chapter 2). 
 In Chapter 5, I shifted my focus from pan-CONUS droughts to pan-coastal droughts. Using 
a parallel methodology applied in Chapter 3 (i.e. atmospheric model ensembles forced with 
observed SSTs), I separated the contributions of the atmosphere, global ocean and tropical Pacific 
to pan-coastal droughts. In Chapter 5, I concluded: 
• Internal atmospheric variability is the dominant driver of pan-coastal droughts 
accounting for 82 – 86% of their severity and can reliably generate pan-coastal 
droughts even when ocean conditions do not favor them.  
• Cold phases of the Pacific Ocean play a secondary role and contribute, on average, 
only 14 – 18% to pan-coastal drought severity, with 27% identified as an upper 
limit for what the most extreme of observed La Niñas can contribute. 
• Spatiotemporal analyses of precipitation and soil moisture along the US Pacific 
Coast identify an anti-phased, wet/dry dipole pattern induced by the Pacific to play 





 Among the many findings of this dissertation, the most surprising and novel is that, on 
interannual timescales, warm Atlantic states do not appear to appreciably dry the CONUS domain 
(except perhaps for droughts of the highest spatial thresholds, i.e. over 65%, where the Atlantic 
may play a greater role). Chapters 3 and 4 collectively demonstrate a clear lack of Atlantic 
influence on pan-CONUS droughts, which contrasts starkly with the canonical expectation that 
warm AMV conditions of the North Atlantic should lead to dry conditions broadly over the US 
(Enfield et al. 2001; McCabe et al. 2004; Sutton and Hodson, 2005; Kushnir et al. 2010). While it 
remains to be seen whether the lack of Atlantic influence is dependent only on the NCAR models, 
I re-iterate this result is (i) robust across both the paleoclimate (although the PHYDA depends on 
the NCAR model to compute Atlantic SSTs) and observational interval, (ii) derived from an 
analysis over a large sample size of events, and (iii) not in contrast to observations. Moreover, it 
is difficult to imagine how my definition of pan-CONUS droughts (i.e. 50% or more of the CONUS 
domain in drought) would exclude Atlantic influences if warm phases of the AMV really drove 
broad precipitation deficits and warm surface air anomalies over North America on interannual 
timescales (absent intense precipitation of sufficient area in remaining areas  of the US, as appears 
to be the case).  
The conflation of Pacific and Atlantic influences in the observational interval was explored 
in Chapter 3. The issue of timescales as a potential point of reconciliation between the lack of 
Atlantic influences on pan-CONUS droughts and the canonical understanding of Atlantic 
influences was provided in Chapter 4. Here I attempt to provide my integrated perspective of the 
two. Mechanistically, the conflation of Pacific and Atlantic influences is relevant because the 
Atlantic and Pacific are linked both ways - the Pacific influences the Atlantic and the Atlantic 
influences the Pacific. For instance, a principal aspect of the proposed Atlantic-US hydroclimate 
83 
 
connection comes via the tropical Atlantic’s impact on the tropical Pacific. In particular, 
warming(cooling) of the tropical Atlantic, such as those during Atlantic Niños(Niñas), 
intensifies(abates) the Walker circulation, causing air to rise and descend over the tropical Atlantic 
and tropical Pacific respectively; this in turn enhances(diminishes) easterly anomalies, promoting 
La Niñas(El Niños) through the Bjerknes feedback (Jia et al. 2019; Rodríguez-Fonseca et al. 2009; 
Ding et al. 2012). At the same time, it is well-established that tropical Pacific SST variability can 
force tropical Atlantic SSTs through atmospheric teleconnections (e.g. Alexander et al. 2002), and 
there is evidence emerging that the Pacific can also affect extratropical Atlantic SSTs (e.g. Nigam 
et al. 2020). This would create an interesting dynamic in which warm Atlantic SSTs would be 
conducive to cold tropical Pacific SSTs (e.g. Kushnir et al. 2010), and where cold Pacific SSTs 
would be conducive to cold tropical Atlantic SSTs (a pattern demonstrated in SOMs 1 and 2 of 
Figure 4.3).  
The issue of timescale may be relevant at least in part because of this interplay. When 
selecting for oceanic conditions associated with pan-CONUS droughts, it is overwhelming likely 
that La Niña conditions will prevail, with secondary influences forcing the Atlantic and negating 
warming therein. On interannual timescales, it therefore seems reasonable to expect the primary 
oceanic association to pan-CONUS droughts to be La Niña conditions over the Pacific and largely 
neutral to slightly cool conditions over the Atlantic (i.e. the oceanic associations seen in Chapters 
3 and 4). But if strong warm Atlantic SST conditions were to (i) persist over decadal to multi-
decadal timescales (and thereby enhance La Niña conditions and/or reflect radiative forcing 
conditions driving both La Niña and warm Atlantic mean state changes), and (ii) withstand the 
secondary cooling introduced by La Niñas, then contemporaneous a cold Pacific and warm 
Atlantic would indeed be the most conducive for large and persistent North American droughts; 
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Atlantic-North American teleconnections, such as the influence of the North Atlantic Subtropical 
High (NASH) over precipitation in the Central Plains and the Southeast via low-level jets, would 
then be clearly detected. This may explain why the SOMs analyzed in Chapter 4 showed the 
greatest increases in pan-CONUS drought occurrence during La Niñas and cold Atlantic states, 
while parallel analyses done for multi-decadal droughts showed the greatest increases for oceans 
with La Niñas and warm Atlantic states (Stieger et al. 2019). The type of North American drought 
being selected, with special attention to persistence of the drought, will thus influence the oceanic 
state identified as the most “ideal.” My thoughts here remain unvalidated, however, and future 
studies will be needed to investigate Atlantic-Pacific connections and if/how it translates into 
impacts relevant for pan-CONUS drought occurrences.  
While the work outlined in Chapters 3-5 collectively hold important implications regarding 
mechanistic understandings and predictability of North American hydroclimate (with a focus on 
spatially widespread droughts), the analyses contained in those chapters have focused exclusively 
on the natural drivers of pan-CONUS and pan-coastal droughts. In reality, however, anthropogenic 
warming is also a contributing factor to droughts, particularly over the observational interval 
(Marvel et al. 2019). Anthropogenic warming will furthermore only increase in influence as global 
greenhouse gas emissions continue, likely driving up evaporative demand and increasing aridity 
over the US in the coming decades (Mankin et al. 2017, 2019; Dai, 2011; Cook et al. 2014a; 
Williams et al. 2020). Though droughts already rank among the most expensive billion-dollar 
natural disasters (Smith and Katz, 2013), global warming is expected to further increase US 
exposure to drought risks and associated costs (e.g. Cook, 2019; Cook et al. 2014a, 2020; Maloney 
et al. 2014). While I hypothesize that pan-CONUS and pan-coastal droughts will become more 
frequent, severe, persistent, and widespread in response to anthropogenic warming, there are still 
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uncertainties, particularly in how such baseline increases in aridity will combine with changes in 
atmospheric variability and mean-state characteristics of the North Atlantic and tropical Pacific 
(Bishop et al. 2019; Ting et al. 2015; Seager and Vecchi, 2010). The question of how the 
spatiotemporal features, dynamics, and impacts of pan-CONUS and pan-coastal droughts will 
change in the future due to rising greenhouse gas emissions thus remains an open one.  
  Future work that seeks to answer this question should begin with the recently available 
phase 6 of the Coupled Model Intercomparison Project (CMIP6; Eyring et al. 2016) ensembles. 
The CMIP6 archive allows assessments of how the statistics (such as drought frequency, duration, 
severity, and spatial extent) of pan-CONUS and pan-coastal droughts may have changed over the 
course of the observational interval as well as how they may change in the future under different 
emissions pathways; the archive provides outputs for soil moisture, SSTs, and geopotential height 
for pre-industrial and  historical experiments (1850 – 2005; forced by historical radiative forcings), 
as well as future projections (2006 – 2099; forced by future scenarios, such as the various Shared 
Socioeconomic Pathways (SSP)). Because the pre-industrial control, historical, and future 
projection experiments are subject to distinct levels of radiative forcings, comparing drought 
conditions across the three experiment groups will allow for an isolation of the US hydroclimate 
response to increasing greenhouse gases. The CMIP6 archive can also provide insight into how 
the variability and mean-state characteristics of the North Atlantic and equatorial Pacific (which 
exert dominant influences on the US hydroclimate via AMV and ENSO, respectively) may change 
in response to increasing greenhouse gas emissions. In this context, the Atmospheric Model 
Intercomparison Project (AMIP) within the CMIP6 archive, which emphasizes SST forcings on 
the atmosphere, may be particularly useful (notwithstanding the limitation that they are only 
available from 1979 – 2014). These remain a particularly important endeavor, as assessing future 
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risk of pan-CONUS and pan-coastal droughts will inevitably require work elucidating how 
changes in (i) teleconnections driven by atmospheric and oceanic variability, (ii) global 
precipitation and temperature patterns, and (iii) the evolving mean hydroclimate will evolve.  
While an important role for the Atlantic has not been found in this dissertation (with the 
important caveat that the analyses contained here are specific to pan-CONUS droughts), future 
analyses of North American hydroclimate, including those pertaining to pan-CONUS droughts, 
should nevertheless examine how the AMV may change under future greenhouse gas forcings. 
The AMV, characterized by 60 to 70-year fluctuations of sea surface temperatures in a coherent 
pattern over the North Atlantic, has traditionally been understood to be an internal mode of 
variability of the coupled ocean-atmosphere system. Several recent studies have, however, 
attributed the amplitude and/or multi-decadal departures of the AMV to anthropogenic and natural 
external radiative forcing (Otterå et al. 2010; Booth et al. 2012; Wang et al. 2017; Murphy et al. 
2017; Bellomo et al. 2016; Haustein et al. 2019). This motivates a need to understand how 
increasing greenhouse gas emissions (and consequent increases in radiative forcing) will impact 
the AMV. In this light, a comprehensive perspective on how the spatial and temporal 
characteristics of the AMV may have varied throughout the paleoclimate (Common Era), historical 
(i.e. 1851- 2005), and future projection (i.e. 2006 – 2099) intervals would be useful. This could be 
accomplished by using the PHYDA for the paleoclimate interval and the CMIP6 archive for the 
historical and future projection intervals. I note that, for the historical interval specifically, work 
has already been done to establish the role of historical radiative forcings in driving much of the 
observed time history, variance, and power spectra of 20th century AMV, including in the CMIP5 
archive (e.g. Murphy et al. 2017) and the CESM Large Ensemble (e.g. Bellomo et al. 2016). Less 
work has been done, however, with the future projection intervals (such as the various SSP 
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scenarios), particularly in the context of the newest iteration of coupled climate models in the 
CMIP6 archive.  
 Next, it is important to determine how the east-west SST gradient in the equatorial Pacific 
and its impact on US drought, and in particular pan-CONUS and pan-coastal droughts, will change 
under future greenhouse gas forcings. Within the global ocean forcing, we have shown that the 
tropical Pacific plays an outsized role in driving pan-CONUS droughts and plays an important 
albeit secondary role in driving pan-coastal droughts. It is critical that models accurately 
characterize how the mean-state of the tropical Pacific will change in response to greenhouse gas 
emissions. Unfortunately, the models need improvement in this regard. In nature, the eastern 
equatorial Pacific has observed a cooling in recent decades despite overall warming of the global 
ocean, resulting in a strengthening of the east-west SST gradient in the equatorial Pacific (Coats 
and Karnauskas, 2017). This is because upwelling of cold water over the eastern equatorial Pacific 
amidst the background of the more uniform radiative forcing accentuates the east-west SST 
gradient, which is then further enhanced through the Bjerknes feedback (Cane et al. 1997; 
Bjerknes, 1969). State-of-the art climate models in the CMIP5 ensemble (Taylor et al. 2012), 
however, consistently generate a weakening east-west SST gradient in the equatorial Pacific (Coats 
and Karnauskas, 2017) and a weakening Walker circulation (DiNezio et al. 2009; Vecchi & Soden, 
2007; Tierney et al. 2019)  in response to radiative forcings, at least in part due to a cold tongue 
bias (e.g. Seager et al. 2019). Because of the outsized role the equatorial Pacific plays in the global 
climate system, this assessment is critical for prediction and risk assessment over North America 
(including pan-CONUS and pan-coastal droughts) and beyond. As such, it is critical to assess (i) 
how the simulated tropical Pacific influences simulated drought risks and (ii) how the erroneous 
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representation of the tropical Pacific’s response to increased radiative forcing may translate to 
erroneous risk assessments in the newly available CMIP6 ensembles.   
 Future analyses should also investigate the influences of land-surface feedbacks on pan-
CONUS and pan-coastal droughts. Given that land use is itself changing and can impact climate 
(IPCC 2019; McDermid et al. 2017; Defries et al. 2002; Sacks et al. 2009), identifying the role of 
land-surface feedbacks and how they may affect US drought risk over the coming decades is 
critical. One near-term possibility for examining the role of land-surface processes in the context 
of the framework presented in this dissertation would employ a parallel CAM5 ensemble forced 
with observed SSTs while prescribing “climatological” soil moisture conditions.  These 
simulations, referred to as GOGA-PSM herein, have been completed by Dong-Eun Lee (formerly 
of LDEO) and are currently available 
(http://magog.ldeo.columbia.edu:81/home/.dlee/.cam5_goga_PSM/). Comparing across the two 
CAM5 ensembles (CAM5 GOGA vs. CAM5 GOGA-PSM), would allow for an assessment of the 
impact of land-surface feedback processes on pan-CONUS and pan-coastal droughts. For example, 
if land-atmosphere coupling were important (as has been suggested over the Great Plains (e.g. 
Koster et al. (2004)), then the expression of pan-CONUS droughts would be stronger in the GOGA 
ensemble than in the GOGA-PSM ensemble. Furthermore, because these two ensembles employ 
the same CAM5 atmospheric model, it is possible to directly isolate for the influence of land-
surface processes. The ensemble means of both the GOGA and GOGA-PSM ensembles represent 
the model response to observed SST forcings. However, while the difference between each 
respective GOGA ensemble member and the GOGA ensemble mean represents the influence of 
internal atmospheric variability and land-surface feedbacks, the same for GOGA-PSM represents 
the influences of only internal atmospheric variability (as well as any “fixed” land-surface 
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feedbacks). Generating pan-CONUS or pan-coastal composites of these “ensemble residuals” for 
the GOGA and GOGA-PSM ensembles, respectively, would thus equal the contributions of (i) 
internal atmospheric variability plus land and (ii) internal atmospheric variability only with 
prescribed soil moisture conditions, respectively. Moreover, subtracting the GOGA-PSM residuals 
from the GOGA residuals would provide a direct estimate of the consequence of variability in land 
conditions. Analysis of the combined GOGA and GOGA-PSM ensembles will therefore provide 
insights into (i) the baseline impacts of land-surface feedbacks on pan-CONUS and pan-coastal 
droughts over the historical interval and (ii) how these influences are likely to change in the future. 
 I note that much of the motivation for studying pan-CONUS and pan-coastal droughts from 
the mitigation perspective arises from the unique challenges they pose. Throughout this 
dissertation, I implicitly assume that larger droughts cause more damage than smaller droughts 
when the severity of the two are the same. But how much more costly (if at all) is the impact of 
widespread droughts when compared to the sum of droughts in individual regions? That is, what 
is the additional cost of the loss of redundancies in water, fire-fighting, or agricultural resources 
that widespread droughts induce? Future analyses should attempt to assess the extent to which the 
simultaneous strain on resources exceeds the sum of strains in individual regions. One potential 
way to assess this would be to examine (i) country-level data (focusing on the US in particular) on 
agricultural production, agricultural yield, and harvested area (such as that available over 1961 - 
2010 from the Food and Agricultural Organization of the United Nations) and (ii) globally-
gridded, locally-calibrated, and observation-based indices of soil moisture over the same interval 
(such as that available from van der Schrier et al. (2013) or the MCDI Index used in Chapter 3). 
Over the US, future studies could analyze soil moisture to identify regional drought events and 
spatially extensive drought events, then examine the corresponding years in the agricultural 
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production dataset to assess the droughts’ respective impacts. Superposed epoch analysis and 
normalized composites (e.g. Lesk et al. 2016) can isolate the agricultural response to droughts and 
thereby show how agricultural productivity has been affected for regional and spatially extensive 
droughts, respectively. This may potentially allow for explorations of potential non-linear 
relationships between the spatial extent of droughts and agricultural impacts. Collectively, these 
efforts may provide insights into (i) whether the co-occurrence of drought across multiple regions 
yield disproportionately greater agricultural impacts and (ii) how non-linear increases in impact 
may propagate into the future.  
Finally, this dissertation has added to the growing body of literature categorizing unique 
flavors of drought, each with its own causes and impacts. Though individual droughts in the US 
evolve differently over both time and space (Herrera-Estrada et al. 2017, 2019), some droughts 
(such as pan-CONUS and pan-coastal droughts) are nevertheless consistently recorded in the 
observational and/or paleoclimate record with coherent structures and similar underlying physical 
forcings. While I have not examined the propagation of droughts specifically, my consideration of 
the two types of widespread droughts is highly relevant to evolving thinking about how droughts 
from different regions of the US may be inter-connected. Spatiotemporal tracking of drought 
clusters show that droughts can migrate 3000 km or more from their place or origin (and grow 
larger in the process), possibly through precipitation recycling and/or moisture advection (Herrera-
Estrada et al. 2017, 2019). Pan-CONUS and pan-coastal droughts may be the product of such 
drought propagations, with pan-CONUS droughts in particular a potential candidate for how 
droughts originating in one or multiple regions of the US may propagate and expand throughout 
the CONUS domain. Reverse-tracking of pan-CONUS and pan-coastal droughts (possible by 
identifying the subset of all drought clusters that evolve into pan-CONUS or pan-coastal droughts) 
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may add another dimension to the discussion of drought migration and precipitation recycling not 
considered in this dissertation.  
Despite the many remaining interesting questions and implications of drought studies in 
this area, my analysis of the relative roles of atmospheric variability and oceanic forcings, while 
distinct for pan-CONUS and pan-coastal droughts, have yielded two case studies demonstrating 
the dominant role of atmospheric variability in driving widespread US droughts. In so doing, I 
have highlighted what currently represent steep limitations in the potential predictability of these 
droughts, particularly for pan-coastal droughts that are almost entirely driven by atmospheric 
variability. This poses a substantial problem from a risk management perspective, given that both 
types of droughts may become much more common and severe in the coming decades. Completion 
of the new venues of research outlined in this dissertation as a means of complementing the 
analyses it has completed is important and may provide in improved perspective on the causes, 
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